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Abstract
Many previous investigations have indicated that speech data has inherent low-dimensional
structure and that it may be possible to efficiently represent speech using only a small
number of parameters. This view is motivated by the fact that articulatory movement is
limited by physiological constraints and thus the speech production apparatus has only
limited degrees of freedom. Also, the set of sounds used in human spoken communication
is only a small subset of all producible sounds. A number of dimensionality reduction
methods capable of discovering such underlying structure have previously been applied to
speech. However, if speech lies on a manifold nonlinearly embedded in high-dimensional
space, as has been proposed in the past, classic linear dimensionality reduction methods
would be unable to discover this embedding. In this dissertation a number of manifold
learning, also referred to as nonlinear dimensionality reduction, methods are applied to
speech to explore the possibility of underlying nonlinear manifold structure.
This dissertation describes a number of existing manifold learning methods and de-
tails the application of these methods to high-dimensional feature representations of speech
data. Representations derived from the conventional magnitude spectrum and less widely
used phase spectrum are investigated. The manifold learning methods used in this study
are locally linear embedding, Isomap, and Laplacian eigenmaps. The classic linear method,
principal component analysis (PCA), is also applied to facilitate the comparison of lin-
ear and nonlinear methods. The resulting low-dimensional representations are analysed
through visualisation, phone recognition, and speaker recognition experiments. The recog-
nition experiments are used as a means of evaluating how much meaningful discriminatory
information is contained in the low-dimensional representations produced by each method.
These experiments also serve to display the potential value of these methods in speech pro-
cessing applications.
The manifold learning methods are shown to be capable of producing meaningful low-
dimensional representations of speech data suggesting speech has low-dimensional manifold
structure. In general, these methods are found to outperform PCA in low dimensions, indi-
cating that speech may lie on a manifold nonlinearly embedded in high-dimensional space.
Phone classification experiments show that Isomap can offer improvements over standard
features and PCA-transformed features. Investigation of magnitude and phase spectrum
vii
representations found both to have similar low-dimensional structure and confirm that
the phase spectrum contains useful information for phone discrimination. Results indicate
that combining magnitude and phase spectrum information yields improvements in phone
classification tasks. A method to combine magnitude and phase spectrum features for
increased phone classification accuracy without large increases in feature dimensionality
is also described.
viii
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Chapter 1
Introduction
In this dissertation the possibility of an inherent low-dimensional manifold1 structure to
speech signals is explored through the application of a number of manifold learning, also
referred to as nonlinear dimensionality reduction,2 methods. The aim of these methods
is to transform high-dimensional data points into a meaningful low-dimensional space,
removing redundant information, and maintaining important relationships between the
data points.
In this chapter, we introduce the motivations behind the proposal that speech has a
low-dimensional manifold structure and outline our approach to discovering this structure
and exploiting it for use in speech processing applications. Following this, the principal
contributions of this work are summarised and the structure of this dissertation is outlined.
This chapter concludes with a list of publications produced during the preparation of this
dissertation.
1.1 Preamble
Speech has evolved as the primary form of communication used by humans. As a re-
sult, the speech production and perception processes have been the subjects of a large
amount of research for many decades. In recent years, the advancement and prevalence
of digital computing has both inspired and facilitated the development of speech process-
1A manifold is a topological space that is locally Euclidean. The term ‘manifold’ is discussed further
in Section 4.3.2.
2The terms ‘manifold learning’ and ‘nonlinear dimensionality reduction’ are used interchangeably
throughout the remainder of this dissertation.
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ing technologies enabling high-quality human-machine spoken communication. However,
human-quality artificial speech production and perception have not yet been achieved.
It is therefore important to continue studying the processes involved in human speech
communication, furthering existing knowledge and developing new approaches. This dis-
sertation proceeds in this spirit, applying new methods in conjunction with existing knowl-
edge in an effort to examine the underlying structure of speech and develop approaches
to exploit this structure.
1.2 Motivation
Speech production is a complex process involving coordinated movement of the respira-
tor muscles, glottis, and articulators. This process produces an acoustic speech signal
transmitting a large amount of information. This speech signal3 can be viewed as a high-
dimensional information stream. A common way to represent this signal is to measure
the energy in hundreds of different frequency bands, computed over short time frames,
sampled every 10–25ms. Each frequency band can be thought of as a single dimension
in multidimensional space, with the number of dimensions equal to the number of fre-
quency bands (Pols, 1971). Thus, every speech sample is represented as a point in this
multidimensional space.
However, due to physiological constraints on the movement of the articulators the
speech production apparatus has limited degrees of freedom4. In addition, only a small
subset of sounds from the set of all possible sounds producible by the speech production
apparatus are used in all human spoken communication (Nowak and Krakauer, 1999). This
motivates the view that speech has an inherent low-dimensional structure and that the
underlying variability of the speech data stream can be parametrised by a small number of
features. In this case, we can imagine speech data as lying on a low-dimensional manifold
embedded in a high-dimensional space; an example of this is shown in Figure 1.1. The
presence of low-dimensional structure in speech is supported by previous studies dating
back as far as the classic formant plane first described by Peterson and Barney (1952),
3All references to the speech ‘signal’ in this work refer to the acoustic speech waveform as opposed to
any other signal, for example that resulting from electropalatography, unless otherwise stated.
4Here we use the term ‘degrees of freedom’ to describe the number of ways in which units of motor
control, specifically the articulators, are capable of moving (Rose and Christina, 2005).
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Figure 1.1: A two-dimensional manifold nonlinearly embedded in three-dimensional space.
studies of the perceptual and physical space of vowels conducted by Pols et al. (1969), and
the important articulatory parametrisations developed by Fant (1970).
Conventionally, signal processing techniques such as the discrete Fourier transform
and linear prediction analysis are applied to speech in order to facilitate the extraction
of information that is judged to capture information about the energy and spectral char-
acteristics of the original signal while discarding information that is deemed to be of no
interest, often resulting in a reduction in the signal’s dimensionality. The extracted infor-
mation is often transformed according to some perceptually motivated scheme to better
model the speech communication system; for example, mel frequency cepstral coefficients
(MFCCs) and perceptual linear prediction (PLP) features.
These acoustically and perceptually motivated representations are based on established
knowledge and assumptions made of the speech communication apparatus and as such do
not attempt to automatically discover the inherent low-dimensional structure of speech. A
number of dimensionality reduction methods, driven by the statistics of the data, have been
proposed that aim to transform high-dimensional data into a meaningful lower-dimensional
space. Applications of these dimensionality reduction methods include data compression,
visualisation, noise reduction, and extraction of significant features from high-dimensional
data.
Dimensionality reduction methods can be categorised as linear or nonlinear methods.
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Linear methods are limited to discovering the structure of data lying on or near a linear
subspace of the high-dimensional input space. The most widely used linear dimensionality
reduction methods include principal component analysis (PCA) (Jolliffe, 1986), linear
discriminant analysis (LDA) (Duda et al., 2000), and multidimensional scaling (MDS)
(Cox and Cox, 2001). These methods have previously been applied to a wide range
of speech processing problems including: feature transformation for improved automatic
speech recognition (ASR) performance (Eisele et al., 1996; Somervuo, 2003a; Wang and
O’Shaughnessy, 2003; Schuster et al., 2005), speaker adaptation (Malayath et al., 1997;
Kuhn et al., 1998), data compaction (Beyerbach and Nawab, 1991), and speech analysis
(Plomp et al., 1967; Pols et al., 1969; Klein et al., 1970; Pols, 1971; Pols et al., 1973;
Pijpers et al., 1993).
However, Togneri et al. (1992) and Jansen and Niyogi (2005) have presented evidence
suggesting that speech lies on a low-dimensional manifold nonlinearly embedded in high-
dimensional space; an example of a nonlinear embedding is provided in Figure 1.1. In this
case linear methods would be unable to discover the underlying low-dimensional struc-
ture. A number of manifold learning (Seung and Lee, 2000) methods have been proposed
(Roweis and Saul, 2000; Tenenbaum et al., 2000; Belkin and Niyogi, 2002) which attempt
to overcome the limitations of linear dimensionality reduction methods. These methods
have been successfully applied to a number of problems in the image processing field, such
as: multi-pose (Hadid et al., 2002) and multi-expression (Wang et al., 2004) analysis of
face images; synthesis of face images (Zhang et al., 2004; Wang et al., 2003); and inference
of 3D body pose based on silhouettes (Elgammal and Lee, 2004). Manifold learning meth-
ods may also be useful in speech processing applications; for example, to visualise speech
in a low-dimensional space and extract features for use in ASR and speaker recognition
tasks. However, there is relatively little preexisting research in this area.
Further motivation for the application of nonlinear methods, such as manifold learning,
to speech is provided by the large body of existing work detailing the nonlinear processes
at work in the speech communication systems (Kubin, 1995).
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1.3 Summary of proposed approach
The aims of this work are to determine if speech has an inherent low-dimensional manifold
structure through the application of manifold learning methods and to explore potential
uses of these methods in speech processing tasks. Our proposed approach may be sum-
marised in four steps:
1. Preprocessing: Segment speech into appropriate units and apply some preprocessing
prior to analysis.
2. Feature extraction: Compute high-dimensional feature vectors parametrising the
chosen speech data.
3. Dimensionality reduction: Apply a method to reduce the dimensionality of these
input feature vectors.
4. Evaluation: Examine the output low-dimensional feature vectors, evaluate the abil-
ity of the dimensionality reduction method to produce meaningful low-dimensional
embeddings, and determine if there is inherent low-dimensional structure to the data.
In Step 1, the acoustic speech signal is segmented into appropriate units, for example
phones, and a number of preprocessing procedures are performed. In Step 2, two different
types of speech parametrisation are computed in order to compare the underlying structure
of each. Features derived from the conventional magnitude spectrum, MFCCs, and less
widely used phase spectrum features are computed to serve as high-dimensional input
vectors for dimensionality reduction. This facilitates the study of the underlying structure
and information contained in both the magnitude and phase spectrum.
Next, in Step 3, the following manifold learning methods are applied to the speech
parametrisations produced in Step 2: locally linear embedding (LLE) (Roweis and Saul,
2000), isometric feature mapping (Isomap) (Tenenbaum et al., 2000), and Laplacian eigen-
maps (LEM) (Belkin and Niyogi, 2002). In order to compare the performance of these
methods with linear dimensionality reduction techniques, the classical PCA method is also
applied to the speech parametrisations.
Having reduced the dimensionality of each speech parametrisation, the fourth step in-
volves examining the low-dimensional representations output to ascertain if they contain
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meaningful information. Meaningful representations retain the structure, sources of vari-
ability, and most significant features of the input data. In order to investigate the ability
of each dimensionality reduction method to discover meaningful low-dimensional structure
in speech we perform a number of experiments on their outputs. We show that the two-
and three-dimensional visualisations resulting from these methods are useful in display-
ing and analysing key characteristics of speech data such as pitch, phone, and speaker
variation. As a further means of measuring the performance of these methods the output
low-dimensional features are used as feature vectors in a number of phone and speaker
classification tasks.
The results of these experiments allow us to compare the performance of the four
dimensionality reduction methods on the different input feature representations. Manifold
learning methods are found capable of producing meaningful low-dimensional embeddings
of speech data. Furthermore, compared with a classic linear dimensionality reduction
method, PCA, manifold learning methods have the ability to retain more meaningful
structure in very low dimensions. We claim that this shows that the low-dimensional
manifold which speech occupies is nonlinearly embedded in high-dimensional space, with
manifold learning methods able to exploit this nonlinearity while linear methods are not.
The results of this approach to studying the dimensionality of speech support previous
proposals such as those made by Togneri et al. (1992) and Jansen and Niyogi (2005).
Also, the low-dimensional structure of features derived from both the magnitude and
phase spectrum is explored and both are shown to have similar low-dimensional struc-
ture. A framework for combining the complementary information of features derived from
the magnitude and phase spectrum, without large increases in feature dimensionality, is
proposed.
1.4 Contributions
This dissertation examines the hypothesis that speech has inherent low-dimensional man-
ifold structure and that manifold learning methods are capable of extracting meaning-
ful low-dimensional features representing the information communicated by the acoustic
speech signal. The following is a summary of the main contributions of this dissertation:
• The capability of manifold learning methods to produce meaningful low-dimensional
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representations of both synthetic and natural speech is demonstrated.
• For the first time, a number of manifold learning methods are applied to speech and
their performance is compared. The Isomap algorithm is shown to produce the most
meaningful low-dimensional representations of speech data.
• Comparisons of the output of manifold learning methods and PCA indicate that
speech has an inherent low-dimensional structure, with a dimensionality of between
two and six, nonlinearly embedded in high-dimensional space.
• Manifold learning algorithms are shown to be useful for feature transformation in
phone classification systems.
• An approach to combine the complementary information of features derived from
the magnitude and phase spectrum, without large increases in feature dimensionality
and the associated computational complexity, is demonstrated.
• Dimensionality reduction methods are evaluated in speaker identification tasks. A
manifold learning methods is shown to offer the best performance in low dimensions.
However, for higher-dimensional feature vectors MFCC and PCA-transformed fea-
tures are found to yield higher classification accuracy.
1.5 Thesis outline
The remainder of this dissertation is organised as follows:
Chapter 2 provides a discussion of relevant background information relating to the pro-
duction of speech, the perception of speech, and phonetics.
Chapter 3 reviews previous studies of the dimensionality of speech, highlights established
findings, and identifies worthwhile unexplored research topics.
Chapter 4 discusses dimensionality reduction and describes the four dimensionality re-
duction methods used in this work: PCA, Isomap, LLE, and Laplacian eigenmaps.
The methods are compared and example applications of each method are provided.
Previous applications of these methods to speech are also reviewed.
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Chapter 5 presents our proposed approach to examining the underlying dimensionality
of speech and evaluating the performance of the dimensionality reduction methods.
The feature extraction process, dimensionality reduction procedure, and means of
evaluation used are each discussed.
Chapter 6 details the application of the four dimensionality reduction methods in ex-
periments on synthetic speech data. Results of visualisation and vowel classification
experiments are reported and discussed.
Chapter 7 presents experiments carried out on natural speech data. Results of visuali-
sation, phone classification, and speaker identification experiments are reported and
discussed. Comparisons of features derived from the magnitude and phase spectrum
are also reported.
Chapter 8 concludes and presents possibilities for future work.
1.6 Publications
Some of the work presented in this dissertation has previously been published in conference
proceedings. The following publications resulted from research conducted for this disser-
tation: Errity and McKenna (2006, 2007); Errity et al. (2007a,b); Errity and McKenna
(2009). The work presented in this dissertation is not the product of collaborative work,
save and to the extent that such work has been cited.
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Chapter 2
Overview of Speech Production,
Perception, and Phonetics
This chapter provides an overview of background theory regarding the production of
speech, the perception of speech, and phonetics.1 Other aspects of speech theory, par-
ticularly with respect to feature extraction, are discussed in Chapter 5.
2.1 Speech production
Figure 2.1 illustrates the speech production apparatus. Speech production begins with the
lungs providing a source of air, an excitation, that then flows up the trachea and through
the vocal folds within the larynx. The vocal folds are two sets of layers of ligaments, tissue,
and muscle that stretch horizontally across the larynx. These vocal folds may be tensed or
relaxed. When tensed the flow of air through the gap between them, known as the glottis,
causes them to open and close rapidly producing quasi-periodic pulses in the airflow that
results in ‘voiced’ speech sounds. The fundamental frequency, f0,2 of a spoken utterance
is determined by the rate at which the vocal folds are opening and closing. Alternatively,
if the vocal folds are relaxed the airflow through them will not be quasi-periodic, resulting
in so called ‘unvoiced’ sounds.
The area from the vocal folds to the lips is called the vocal tract. The shape of this vocal
1For a more detailed discussion of the physics and biology of speech refer to Denes and Pinson (1993).
Also, the interested reader may wish to refer to Quatieri (2002) for further information relating to speech
signal processing.
2This fundamental frequency corresponds to the perceived tone of the speech signal which is called the
‘pitch’. The two terms are used interchangeably in this work.
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Figure 2.1: Schematic view of the human speech production mechanism, after Flanagan
(1972).
tract can be changed to produce different sounds. This change is achieved by movement
of the articulators, namely: the jaw, tongue, velum, and lips. The vocal tract can be
thought of as an air-filled tube and, as such, has certain natural frequencies of vibration—
resonances. These resonant frequencies are known as formants. As the shape of the vocal
tract changes to produce different speech sounds, so too do the formant frequencies. Thus,
each speech sound can be characterised by its formant frequencies.
2.1.1 Source-filter model
One common approximation of this production apparatus is known as the source-filter
model, which is described in relation to synthetic speech generation in Chapter 6. This
model is illustrated in Figure 2.2. This is a relatively simple model but it has been
successfully applied in a large number of speech processing applications. There are two
components of this model:
• The ‘source’ component represents the airflow from the lungs through the vocal folds.
• The ‘filter’ then shapes the spectrum of this source signal. In the case of vowel
sounds the ‘filter’ represents the vocal tract. For other types of speech sound, such as
10
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Figure 2.2: Source-filter model of speech production.
fricatives (discussed in Section 2.3), the ‘filter’ models the resonant cavity extending
from a point of constriction in the vocal tract to the lips.
This model makes the assumption that the two components are linearly separable.
Linear prediction (Atal and Hanauer, 1971) is often used to estimate this model. Linear
prediction gets its name from the fact that it predicts the current speech sample sn as a
linear combination of p past speech samples,
sn = a1sn−1 + a2sn−2 + . . .+ apsn−p + en , (2.1)
where en is the excitation or glottal source signal, and the values
a = [a1, . . . , ap]
′ , (2.2)
are the linear prediction coefficients (LPC) which characterise the filter response. A num-
ber of methods exist for estimating these LPCs such as autocorrelation analysis and co-
variance analysis. Using linear prediction is equivalent to modelling the vocal tract by an
all-pole filter L(z) with p poles,
L(z) =
G
1−∑pi=1 aiz−i =
G
A(z)
, (2.3)
where G is the gain term which controls the energy in the signal.
Various types of source signal, e, can be used in this model. In basic approaches a
periodic pulse train is used to simulate the glottal source for voiced speech and a random
noise signal is used as a substitute for the turbulent glottal airflow for unvoiced speech.
More complex models of the glottal source signal are also possible, such as the LF-modelled
glottal pulse train (Fant et al., 1985) discussed in further detail in Section 6.2.
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2.2 Speech perception
When studying speech it is also desirable to have an understanding of the apparatus
responsible for receiving the speech signal. As shown in Figure 2.3, the human ear can be
viewed as three distinct areas, described briefly below:
• Outer ear: This consists of the external part of the ear located outside the head,
known as the pinna, and the external canal. The purpose of the outer ear is to funnel
sound into the middle ear.
• Middle ear: This area of the ear converts acoustic sound waves into mechanical
vibrations that travel via the oval window to the inner ear.
• Inner ear: This is a fluid-filled chamber containing the cochlea, which is shaped like
a snail, and basilar membrane. The vibrations at the oval window create standing-
waves in the fluid which in turn vibrate tiny hairs on the basilar membrane. The
frequencies of these vibrations are related to the frequencies present in the origi-
nal acoustic sound wave. The hairs, called stereocilia, are connected to the auditory
nerve and essentially convert the mechanical vibrations into electrical nerve impulses.
However, the sensitivity of the basilar membrane to frequency is nonlinear; its fre-
quency resolution decreases as frequency increases. A number of approaches have
been proposed to account for this nonlinear frequency response; for example, the
mel scale described below.
2.2.1 Mel scale
The mel scale is based on perceptual experiments (Stevens and Volkman, 1940) that have
shown that the human auditory system is more sensitive to differences between frequencies
in low frequency ranges, below 1 kHz, than in higher frequency ranges. Thus, the mel scale
is approximately linear below 1 kHz and logarithmic above this. This scale is commonly
approximated as,
B(f) = 1125 ln(1 + f/700) , (2.4)
where f is the frequency in Hz. A plot comparing the mel and Hertz scales is shown in
Figure 2.4.
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Figure 2.3: Schematic view of the human ear (not to scale), after Flanagan (1972).
2.3 Phonetics
As discussed in Section 2.1, the configuration of the articulators can be modified to produce
a range of different vocal tract shapes. These vocal tract configurations are then combined
with the source signal—voiced or unvoiced—to produce a particular speech sound. Each
word in a language is made up of some sequence of these individual speech sounds. The
term phoneme is used to refer to the concept of a distinct speech sound within a language.
Phonemes can thus be used to distinguish one word from another. Actual, uttered, speech
sounds are individually referred to as phones. Several different phones, physically produced
speech sounds, may belong to the same phoneme. Throughout this dissertation the word
phone is used to describe a meaningful, distinct sound unit.
The field of phonetics involves the study of human speech sounds and their production.
This field has produced various sets of symbols that can be used to refer to phones.
Table 2.1 gives a list of two such symbol sets: one from the International Phonetic Alphabet
(IPA); and the other from TIMIT (Garofalo et al., 1990), a widely used corpus of speech
recordings. Descriptions of phone articulation and English language examples are also
provided. Table 2.1 lists only those phones used in the experiments described in this
dissertation.
Phones can be grouped into broad categories based on the manner in which they are
produced. Phone categories, corresponding to those used in TIMIT, are listed in Table 2.1.
A brief description of each of these five phone categories is provided below:
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Figure 2.4: Mel scale vs. Hertz scale.
• Vowels: This is the largest category of phones in the English language. Vowels are
sounds produced when the vocal folds are opening and closing at some particular
fundamental frequency and there is no narrow point of constriction in the vocal
tract.
• Fricatives: These are sounds produced when air is forced to flow through some
constriction in the vocal tract. For example, a narrow channel formed by placing
the lower lip against the upper teeth. Fricatives can be voiced or unvoiced. For
voiced fricatives the vocal folds are tensed and hence vibrating. In the case of
unvoiced fricatives the vocal folds are relaxed and turbulent airflow results.
• Stops (or plosives): Sounds resulting from a build up of pressure at some point in
the vocal tract followed by a sudden release. The build up of pressure may occur at
the lips, teeth, or velum. As with fricatives, stops can be voiced or unvoiced.
• Nasals: Describes sounds in which the velum is lowered and air flows through the
nasal cavity. As with vowels, the source is quasi-periodic.
• Semi-vowels/glides: Transitional sounds that are difficult to categorise. They are
vowel-like as they have a quasi-periodic source. However, the constriction in the
vocal tract is greater than in the case of vowels.
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TIMIT IPA Category Description Example
aa A vowel open front unrounded vowel bob
iy i vowel close front unrounded vowel beet
uw u vowel close back rounded vowel boot
eh E vowel open-mid front unrounded vowel bet
ae æ vowel near-open front unrounded vowel bat
ah 2 vowel open-mid back unrounded vowel but
ih I vowel near-close near-front unrounded vowel bit
ax @ vowel mid central vowel about
ow o vowel close-mid back rounded vowel boat
ao O vowel open-mid back rounded vowel bought
s s fricative voiceless alveolar fricative sea
sh S fricative voiceless postalveolar fricative she
p p stop voiceless bilabial plosive pea
t t stop alveolar plosive tea
k k stop voiceless velar plosive key
m m nasal bilabial nasal moon
n n nasal dental or alveolar nasal noon
l l semivowel/glide alveolar lateral approximant lay
y y semivowel/glide close front rounded vowel yacht
Table 2.1: TIMIT and IPA phonetic symbols. Examples of the corresponding phones are
indicated in bold.
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Chapter 3
Speech Dimensionality: Literature
Review
The underlying dimensionality of speech has long been the subject of research. The
constrained movement of the articulators and limited set of sounds employed in human
spoken communication have motivated many researchers to investigate the possibility that
a small number of variables can be used to describe the speech system. This chapter
reviews existing literature concerning the dimensionality of speech.
In the past, investigators have used numerous methods to study the dimensionality of
the space occupied by speech. In the first section of this chapter, classical phonetic and
acoustic studies that motivated a low-dimensional view of speech are described. Following
this, previous work in this area is discussed in four distinct sections: analyses conducted
on conventional magnitude spectrum representations, nonlinear dynamical system analysis
based studies, manifold learning motivated approaches, and investigations of nonacoustic
speech signals. Finally, conclusions based on this literature review are presented.
3.1 Classical studies
Evidence that the speech production system can be modelled by a small number of pa-
rameters can be found in numerous studies dating from classic early works in the field
of speech analysis to present day research. For example, phoneticians have long been
proposing that only a small number of parameters are necessary to describe the speech
articulation process. As early as the mid-nineteenth century, Alexander Melville Bell de-
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veloped the first universal notation system to describe individual speech sounds. This
pioneering work originated the description of vowel sounds in terms of the position of the
tongue during articulation. Bell (1867) categorised vowels in terms of two dimensions:
the frontness and height of the tongue. The work of Sweet (1877) further advanced and
popularised this model.
In the early twentieth century this two-dimensional articulatory phonetic view of vow-
els was further refined by Daniel Jones. Jones represented vowels on a two-dimensional
quadrilateral-shaped plane, with vowels organised between the two most extreme positions
of the highest point of the tongue during articulation: high-front and low-back. A num-
ber of reference, or cardinal, vowels were defined by Jones in 1918 to constitute reference
points on this plane (Jones, 1964). The corners of the vowel quadrilateral equate to the
vowels produced when the tongue is positioned at the most extreme points of articulation.
Distances between vowels on the quadrilateral are designed to equate auditory and artic-
ulatory differences. This model allows vowels to be easily classified and compared based
on just two measurements of the articulators.
The widely used IPA uses a version of Jones’ model. The IPA vowel chart (IPA, 1999),
illustrated in Figure 3.1, clearly depicts the articulation of a number of different vowel
sounds with respect to the two dimensions of tongue frontness and height; where vowels
appear in pairs, the left and right vowels are produced with rounded and unrounded lips,
respectively. The degree of lip rounding during vowel articulation is often considered as a
third dimension to the conventional vowel plane (Ladefoged, 1967, p. 140).
The work of these phoneticians resulted in a representation of the physiological pro-
cesses of vowel articulation in a low-dimensional space, based on the constrained movement
of the articulators. These early studies helped motivate the view that speech is inherently
low-dimensional. Apart from some references to previous work, this articulatory phonetic
approach is not considered further in this dissertation.
In addition to these studies of articulatory phonetics, early investigations of the spec-
tral content of acoustic speech signals have also indicated low-dimensional structure in
speech. One such classical study is the analysis of American English vowels conducted
by Peterson and Barney (1952). Peterson and Barney measured the first three formant
frequencies from the spectrograms of 10 vowel sounds uttered twice by 76 men, women,
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Figure 3.1: IPA vowel chart (IPA, 1999).
and children. They found a correspondence between the vowel type uttered and posi-
tion in the two-dimensional space formed by plotting the first formant frequencies (F1)
versus second formant frequencies (F2). The vowels were found to be clustered in this
two-dimensional space with their location dependent on their articulation. This F2/F1
vowel space corresponds closely to Jones’ cardinal vowel chart, with F2 and F1 correlated
with tongue frontness and lowness, respectively. These results are depicted in Figure 3.2
which shows the mean F1 and F2 measurements of 10 vowels for the male recordings from
the Peterson and Barney (1952) vowel data.
The results of these early studies provide clear and logical arguments towards a low-
dimensional view of vowel sounds. Following these studies a large number of investigations,
utilising a range of methods, have been conducted into the dimensionality of vowels and
other classes of speech sounds. In the remainder of this chapter, we present a review of
existing literature describing these investigations.
3.2 Analyses of magnitude spectrum based feature repre-
sentations
Speech is commonly parametrised using a magnitude spectrum based feature representa-
tion that describes the frequency content of the speech signal while discarding information
from the phase spectrum. This section presents previous studies of speech dimensionality
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Figure 3.2: Mean first (F1) vs. second (F2) formant frequencies of 10 vowels recorded by
33 male speakers. The data is taken from Peterson and Barney (1952).
conducted on such spectral parametrisations. These previous studies are grouped in terms
of the dimensionality analysis approach used. Dimensionality reduction based approaches,
studies of inherent dimensionality, and measures of fractal dimension are discussed.
3.2.1 Dimensionality reduction analyses
For many decades researchers have been conducting studies examining the dimensions of
the speech space. A large number of these studies share a similar methodology. First, a
number of speech recordings are obtained and preprocessed, resulting in the set of sounds
the investigators wish to analyse. Second, a high-dimensional feature representation is
extracted from short-time frames of the speech signals, based on the conventional assump-
tion that the speech signal is stationary over intervals of 10–40ms. This high-dimensional
feature representation is commonly a parametrisation of the signal’s spectral content, of-
ten derived from the signal’s Fourier transform. Finally, the underlying dimensionality
of the data set consisting of these high-dimensional representations is analysed. This is
often accomplished by applying methods which attempt to reduce the dimensionality of
the data while retaining significant information. Studying the amount of information lost
while varying the numbers of dimensions can reveal characteristics of the speech data’s
underlying structure.
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One of the early applications of this analysis methodology was reported by Plomp
et al. (1967). In this work, Plomp et al. conducted an analysis of the frequency spectra
of 15 Dutch vowels uttered by 10 speakers. The output of 18 bandpass filters provided a
high-dimensional representation of the vowels. Applying PCA (Jolliffe, 1986) to this data
they found that only four dimensions were needed to describe the vowel data. Of these
four dimensions, they found that the first two dimensions accounted for 68.4% of the total
variance in the vowel data. Plotting the vowels in this two-dimensional space revealed a
configuration similar to the classical F2/F1 vowel plane shown in Figure 3.2. The third
and fourth dimensions were found to account for 15.7% of the total variance in the vowel
data but Plomp et al. did not find a direct relation between these dimensions and the
formant frequencies. Plomp et al. concluded that the first two dimensions are related to
the frequencies of the first two formants and the differences between vowel spectra can
be described by four independent parameters. Similar studies conducted subsequently
by Li et al. (1968), Boehm and Wright (1968), and Favella et al. (1969) supported these
conclusions.
Pols et al. (1969) further developed this work by investigating the relationship between
the physical characteristics of vowel sounds and the way that they are perceived. Listening
tests were performed using 15 subjects to rank the perceptual similarity of 11 vowel sounds.
MDS (Cox and Cox, 2001) was applied to the resulting similarity matrix to produce a three-
dimensional perceptual space. This perceptual space was compared to a physical space,
produced by PCA in a similar fashion to that described above (Plomp et al., 1967), and
the two spaces were found to be highly correlated. These results indicated that not only
are three or four factors capable of adequately discriminating between vowels, but these
factors correspond to both formant frequencies and perceptual evaluations by listeners.
Furthermore, Pols et al. (1969) suggested that other classes of speech sounds, namely
nasals and liquids, can also be represented in a low-dimensional space.
The approaches of Plomp et al. (1967) and Pols et al. (1969) were combined and
a more detailed examination performed in a study by Klein et al. (1970). This article
describes results for vowel data from an increased number of speakers: 50 as opposed to
10 previously. This work corroborated the findings of the previous studies and resulted
in improved vowel classification results. Using the first four components resulting from
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PCA, 98% phone classification accuracy was achieved. This classification experiment used
a speaker normalisation procedure first described by Gerstman (1968).
The 50 speaker data used by Klein et al. (1970) was later used in a study by Pols et al.
(1973) comparing the merits of a PCA-derived vowel plane and the classical F1/F2 formant
plane. They found that vowel classification scores in the two spaces were comparable
but the PCA method offered the advantages of greater simplicity and less computational
complexity.
Building on these dimensional analyses of speech, Pols (1971) presented a system
to perform real-time word recognition based on the methods described in the literature
reviewed above. This system was capable of achieving high classification rates, 98.8%, for
a 20 speaker, 20 word task using just three-dimensions computed by PCA. This shows
that discriminatory information regarding the state of the speech production system can
be adequately described using only a small number of dimensions.
3.2.2 Estimation of inherent dimensionality
In addition to the analyses described above, which use dimensionality reduction methods
to examine the underlying structure of speech, a number of investigations have applied
methods that aim to directly measure the inherent dimensionality of speech data. Inherent
dimensionality may be defined as the minimum number of parameters needed to account
for the properties of the data (Fukunaga, 1990). The concept of inherent dimensionality is
illustrated in Figure 3.3 which gives an example of data with an inherent dimensionality
lower than the space in which it is represented. This data is intrinsically one-dimensional
but is nonlinearly embedded in two-dimensional space. Inherent, also referred to as intrin-
sic, dimensionality estimation is a well studied problem in the field of pattern recognition
(Camastra, 2003).
In an effort to determine the inherent dimensionality of speech, Tattersall et al. (1990)
have applied to speech the self-organizing map (SOM) algorithm—a type of artificial neural
network developed by Kohonen (1995). The aim of Kohonen’s SOM is to produce a low-
dimensional representation of the input data while preserving topological structure. Thus,
the algorithm reduces dimensionality similarly to PCA, but preserves a very different kind
of structure—namely, the neighbourhood relationships between data points. Tattersall
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Figure 3.3: Inherently one-dimensional data nonlinearly embedded in two-dimensional
space.
et al. proposed that the inherent dimensionality of vowels is two, based on the application
of a two-dimensional SOM neural array to filter-bank output representations of vowels.
This proposal has been disputed in a number of studies conducted by Togneri, Alder,
and Attikiouzel (Togneri et al., 1990; Alder et al., 1991; Togneri et al., 1992). They argue
that the Kohonen algorithm does not produce a measure of the inherent dimensionality
of a data set and that, in any case, this measure would be greater than two for speech
data. Their view is supported by the dimensional analyses described in Section 3.2.1 which
suggest that up to four significant dimensions may be necessary to adequately describe
the speech space. They proposed a means of estimating the inherent dimensionality of
a data set by using a Kohonen algorithm to fit various d-dimensional grids to the data
points and measuring how well these grids fit the data. This measurement is obtained
by calculating the mean absolute curvature of the grid. This value is then compared for
varying grid dimensionalities, d, and is expected to be close to zero when the grid fits
the data well, thus indicating the data’s inherent dimensionality. Togneri et al. (1990)
and Alder et al. (1991) have applied this approach to both fast Fourier transform (FFT)
and LPC representations of frames extracted from continuous speech recordings. Both
12- and 16-dimensional representations were tested. The number of frames and speakers
used were also varied. These variations were not found to affect the resulting inherent
dimensionality estimates. These studies concluded that the speech space has an inherent
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dimensionality of at least four.
Togneri et al. (1992) further refined these findings and concluded that the speech space
may be approximated by a grid of three- or four-dimensions. They also found “significant
nonlinearities” in the embedding of this low-dimensional manifold in high-dimensional,
FFT and LPC, space. It is important to note that these investigations examined the
entire speech space rather than a single phone class, i.e. vowels as in previous studies, and
found no evidence that different phone classes have different dimensionalities.
In addition to applying the Kohonen algorithm as detailed above, Alder et al. (1991)
also applied a number of other intrinsic dimensionality estimation algorithms (Glover,
1989; Judd, 1989) to their speech data. These experiments yielded a mean estimate of 3.4
for the dimension of speech space, consistent with previously reported findings.
A further study worthy of discussion was conducted by Baydal et al. (1989) who applied
an inherent dimensionality estimation procedure, developed by Pettis et al. (1979), to
speech data. The objective of this study was to investigate the dimensionality of whole
vocabularies of utterances, with a view to isolated word recognition tasks. This is in
contrast to the objective of this dissertation and the previous studies described in this
chapter—to examine the dimensionality of the speech space. While we are interested
in the underlying structure of speech, Baydal et al. attempted to measure the inherent
complexity, or difficulty, of different vocabularies of utterances. For example, a vocabulary
consisting of the words ‘cat’ and ‘dog’ would intuitively be expected to be simpler, and
have a lower inherent dimensionality, than a large varied vocabulary. Baydal et al. found
the vocabularies examined to have inherent dimensionalities ranging from 3–13, with the
dimensionality increasing with the size and difficulty of the vocabulary. These estimates
are consistent with previous findings regarding the lowest number of parameters capable
of representing speech. However, differences in the objectives and methods used prohibit
direct comparisons between this study and previously discussed studies.
Somervuo (2003b) investigated the dimensionality of 25 speech utterances represented
by both 12-dimensional MFCC features and 26-dimensional log mel-spectrum features.
He applied curvilinear component analysis (Demartines and Herault, 1997), an MDS-
based dimensionality reduction method, to embed the speech feature vectors into spaces of
varying dimension in order to estimate the speech data manifold’s intrinsic dimensionality.
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This estimate was based on measuring the difference in the distance between points in the
original feature space and the distances in the low-dimensional spaces. No clear indication
of intrinsic dimensionality could be found. This may be due to measuring distances not
along the data manifold, but rather in the feature space, a problem that the manifold
learning methods, discussed in the remaining chapters, are designed to overcome.
The main body of Somervuo’s work was the application of SOMs to speech data in
order to produce a low-dimensional space in which speech feature trajectories are well
represented. This is in contrast to the static features which have been examined in the
studies discussed thus far. The dimensionality of the SOMs was varied between two
and six—the maximum indicated by the intrinsic dimensionality analyses. SOMs with
dimensions between three and six were found to adequately represent speech trajectories,
with five dimensions found to be best.
3.2.3 Fractal dimensions
Thus far, our discussion has been solely in terms of the classic intuitive view of dimension-
ality, that is, the integer number of parameters required to describe a point on an object
in space. Common examples of this are a point having zero-dimensions, lines and curves
being one-dimensional, and a cube being three-dimensional. This view can be generalised
by the concept of d-dimensional Euclidean space, Rd. The term ‘topological dimension’ is
used to describe this type of dimensionality. However, the notion of dimensionality is not
unique and many different definitions have been defined by mathematicians. In fact, it is
possible for the dimensionality of a set to have several different numerical values depending
on the definitions used.
At this point it is necessary to introduce another such definition of dimensionality
that has also been used in relation to speech—‘fractal dimension’. The notion of ‘fractal
dimensions’ allows for objects with a noninteger number of dimensions. These complex
geometric objects are described by the term ‘fractals’, coined by Mandelbrot (1983), and
have a fractal dimension exceeding their topological dimension. At first, it may be difficult
to intuitively understand how an object can have a noninteger dimension and thus lie some-
where between two integer dimensions. An example of a fractal, a Koch curve (Schroeder,
1991, Chapter 1), is shown in Figure 3.4. This geometric object is generated by beginning
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1 iteration 2 iterations 3 iterations
Figure 3.4: Koch curve fractal. The first, second, and third iterations of the Koch curve
are shown. The complexity and length of the curve can be seen to increase as the number
of self-similar components are increased.
with a single line and recursively performing the following iterative procedure:
1. Divide the line into three equal length segments.
2. Replace the middle segment with two new lines, each equal in length to the original
segments, forming an equilateral triangle with the now replaced middle segment.
3. Repeat for each resulting line segment, as shown in Figure 3.4.
This results in a curve which, as stated previously, has a topological dimension of one.
However, the Koch curve has infinite length as each iteration of the above procedure
increases its length. Also, given infinite iterations, the structure of a Koch curve does not
approach a line at any level of magnification. The intuitive topological dimension does
not take this complexity into account and this is why fractal dimensions are necessary.
The fractal dimension of the Koch curve is approximately 1.26.1 This is larger than its
topological dimension, indicating that the fractal dimension can account for the Koch
curve’s added complexity.
One of the most popular measures of fractal dimension is the correlation dimension,
which is commonly calculated using an approach proposed by Grassberger and Procaccia
(1983). The correlation dimension, given a set of N points {xi, i = 1, . . . , N}, is defined
as
Dc = lim
r→0
logC(r)
log r
, (3.1)
1The total length of the Koch curve increases by one third after each iteration—the middle of three
equal length segments is replaced by two more segments of the same length, thus an increase from three
to four segments. The Hausdorff dimension, a standard means of measuring an objects fractal dimension,
of a Koch curve is calculated as log(4)/ log(3) = 1.26 . . . (Schroeder, 1991, Chapter 1).
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where
C(r) = lim
N→∞
2
N(N − 1)
N∑
j=1
N∑
i=j+1
H(r − ‖xi − xj‖) . (3.2)
The Heaviside function, H(p), is defined as
H(p) =


0, p < 0
1, p ≥ 0 .
(3.3)
Thus, this function counts the number of pairs of points with distance less than some r
between them. In practice, using the Grassberger and Procaccia (1983) approach, Dc is
estimated by plotting logC(r) against log r and measuring the slope of the linear portion
of the graph. This is a very popular method, however there exist several practical problems
concerning its implementation (Theiler, 1988).
Somervuo (2003b) investigated the correlation dimension of 25 speech utterances rep-
resented by both 12-dimensional MFCC features and 26-dimensional log mel-spectrum
features. He found the correlation dimension to be between 5.0–5.7 for these utterances.
However, as noted by Somervuo, this approach measures distances in feature space, not
geodesically along the underlying manifold. Thus, a highly curved or folded manifold
may have a lower dimensionality than that indicated by its correlation dimension esti-
mate. Manifold learning methods, such as those applied in this dissertation, allow for
such structure and hence may more accurately model the inherent low-dimensionality.
Fractal dimensions are an important concept in the study of chaos2 and the behaviour
of nonlinear dynamical systems. The application of ideas from these fields to speech and
the resulting contributions to our knowledge of the dimensionality of the speech system
are discussed in the following section.
3.3 Nonlinear dynamical systems approaches
Traditionally in speech signal processing, simplifying assumptions are made of the speech
production process in order to describe it using a linear source-filter model. However, there
exists a large body of research (Teager and Teager, 1990; Casdagli, 1991; Barney et al.,
2There is no agreed upon definition of chaos; however, the following definition effectively describes
the characteristics of a chaotic system: “Chaos is aperiodic time-asymptotic behaviour in a deterministic
system which exhibits sensitive dependence on initial conditions.” (Fitzpatrick, 2006).
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1999) suggesting the presence of nonlinear processes, such as source-filter coupling and
nonlaminar airflow, at work during speech production. This has lead many researchers
to apply methods from the fields of nonlinear dynamical and chaotic systems to speech
in an effort to yield a better model of the nonlinear behaviour of the speech system than
the traditional linear source-filter approach. This research relates to our work and the
previous studies described in this chapter as nonlinear dynamical systems analysis methods
can provide information regarding the degrees of freedom and underlying low-dimensional
structure of speech.
Before discussing related studies using these approaches we shall provide a brief in-
troduction to the theory and methods of nonlinear dynamical systems analysis for the
interested reader.3 These approaches assume speech is a nonlinear dynamical system and
that the system’s state can be described by a number of hidden dynamic variables xn,
where n = 1, . . . , N represents time. The observable scalar speech signal s can then be
viewed as a one-dimensional measurement of the systems underlying state. Given this time
series signal, the state space of the system—the space of the hidden dynamic variables—
can be reconstructed using Takens’ (1981) time delay embedding method (Abarbanel,
1996; Sauer et al., 1991). This method can be implemented by sliding a window through
the signal. This window is of length de, this is referred to as the embedding dimension in
contrast to the dimension of the actual system, d. Thus, for a speech signal
s = [s0, s1, s2, . . . , si, . . .]
′ , (3.4)
the reconstructed de-dimensional state space Y is formed using the window
yn = [sn, sn+τ , sn+2τ , . . . , sn+(de−1)τ ]
′ , (3.5)
where τ is the number of samples of delay.
If τ and de are chosen appropriately (Abarbanel, 1996; Pitsikalis et al., 2003) the
resulting reconstructed state space embedding of the speech signal will preserve properties
of the original state space. This enables analysis of the geometrical structure of the
original state space of speech sounds. Examples of time delay embeddings for four different
3For a more detailed treatment of nonlinear dynamical systems, related analysis methods, and their
application to speech, refer to the work of Banbrook (1996) and Mann (1999).
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(a) /æ/ (b) /E/
(c) /i/ (d) /u/
Figure 3.5: Two-dimensional time delay embeddings of the vowels /æ/, /E/, /i/, and /u/;
τ = 1.25ms.
sustained vowel utterances are shown in Figure 3.5. These were generated by applying the
time delay embedding method (3.5) to the sustained vowel sounds /æ/, /E/, /i/, and /u/
uttered by a male speaker. The time delay, τ , was set equal to 1.25ms. It can be seen that
there is low-dimensional structure present. Analysis of the equivalent three-dimensional
time delay embedding of these sounds found that the trajectories do not cross, though
they may appear to, given the two-dimensional limits of this presentation medium. Given
this low-dimensional structure, measurements can be made as to the degrees of freedom of
the system, e.g. the correlation dimension, and how chaotic it is in nature, e.g. Lyapunov
exponents (Banbrook, 1996).
Further to the studies described in the previous sections of this chapter, many re-
searchers have investigated the dimensionality of speech using these nonlinear dynamical
systems methods. One of the earliest investigations was conducted by Tishby (1990), who
computed reconstructed state spaces for 20 segments of voiced speech and found the corre-
lation dimension to be between three and five. He also estimated the correlation dimension
of unvoiced speech as between five and eight, however he considered this estimate unreli-
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able due to insufficient samples. A further study conducted by Kumar and Mullick (1990)
reported similar results, with a correlation dimension estimate of less than three for vowels
and stops, and greater than five for most fricatives. These findings are further supported
by the work of Townshend (1991) who estimated the correlation dimension using over 30 s
of normally spoken speech as 2.9.
McLaughlin and Lowry (1993) analysed three vowel sounds and found the correlation
dimension to be higher, between three and five. They concluded that the results were
inconclusive due to an insufficient number of sounds and speakers, but suggested that
vowels have an underlying two- or three-dimensional manifold structure. A more detailed
study analysing a larger number of prolonged vowel utterances was later conducted by
Banbrook and McLaughlin (1994). They found a correlation dimension varying between
one and three, supporting their previous suggestion. Interestingly, the authors suggest a
link between the place of articulation, i.e. position in formant space (Figure 3.2) and on
the IPA vowel chart (Figure 3.1), and the correlation dimension. This work was further
extended with the application of singular value decomposition (SVD) to account for noisy
data and produce smoother, cleaner speech time delay embeddings (Banbrook, 1996; Ban-
brook et al., 1999). This helped clarify dimension estimates, with the speech system found
to be as low as three-dimensional.
Narayanan and Alwan (1995) conducted a study of fricative sounds and found corre-
lation dimension estimates ranging from 3 to 7.2. They compared the results with vowels
which they found to be lower-dimensional.
The generalised fractal dimension, an alternative measure of the number of degrees of
freedom of a system, of speech was explored by Pitsikalis et al. (2003). They estimated the
dimensionality of a number of phonemes taken from the TIMIT corpus. They found the
generalised fractal dimension of vowels and stops to vary between approximately one and
four, while they found a dimension between one and eight for fricative sounds. Pitsikalis
et al. also used these dimension estimates as a component in a feature vector for phoneme
recognition and have shown the features possess discriminative ability.
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3.4 Manifold learning motivated approaches
A number of manifold learning related studies of speech data have been conducted by
other researchers in parallel to, but independently of, the work we have performed and
report in this dissertation. One such study was conducted by Jansen and Niyogi (2005,
2006) who recently presented a derivation of a class of approximate vowel sound manifolds,
using a traditional concatenated tube model of the articulatory system, and showed that
the manifold assumption is true of speech data. Motivated by this, Jansen and Niyogi
(2005, 2006) also proposed what they call ‘intrinsic Fourier analysis’, a modified version
of the Laplacian eigenmaps algorithm, described in Section 4.3.2, designed to exploit the
manifold structure of speech and produce an ‘intrinsic spectrogram’, that is, the equivalent
projection of the traditional ‘extrinsic Fourier spectrogram,’ onto the low-dimensional
manifold.
The work of Tompkins and Wolfe (2009) builds on that of Jansen and Niyogi, adapt-
ing the ‘intrinsic Fourier analysis’ approach to work on larger data sets by overcoming
a number of computational difficulties present in the original approach. Tompkins and
Wolfe (2009) also perform phone classification experiments using features derived from the
‘intrinsic spectrogram’. These experiments use a feed forward neural network to identify
three vowels—‘iy’, ‘ao’, and ‘ae’—showing that the ‘intrinsic spectrogram’ is capable of
compressing important information relating to phone classification into just a few dimen-
sions.
3.5 Studies of nonacoustic speech signals
All of the studies discussed thus far have been concerned with analysing the acoustic
speech signal output at the lips. The dimensionality of speech has also previously been
approached from nonacoustic perspectives, for example in the work of Carreira-Perpin˜a´n
and Renals (1998). In this study the investigators applied dimensionality reduction meth-
ods to electropalatographic4 (EPG) representations of speech data. The linear methods
of factor analysis (Bartholomew, 1987) and PCA (Jolliffe, 1986), and the nonlinear gen-
4Electropalatography is a procedure for measuring the timing and position of contact between the
tongue and hard palate. The technique is relatively noninvasive, utilising an array of sensors placed on the
hard palate.
30
erative topographic mapping (Bishop et al., 1998) method, an alternative to SOMs, were
applied to a corpus of EPG data. The nonlinear method was found to outperform the
linear methods. The authors concluded that, given this nonlinear method, the EPG data
may be modelled using only a small number of parameters, with representations as low
as two dimensions proving useful. While the EPG signal is not a complete description
of the speech production system, as it does not account for details such as rounding and
nasalisation, these results support the proposal that speech is intrinsically low-dimensional
and suggest that a complex nonlinear model may be necessary to discover this underlying
structure.
The dimensionality of electroglottographic5 (EGG) signals has also been the subject
of research. Behrman (1999) conducted a comparison of the fractal dimension of the EGG
signals of healthy and pathological subjects. Behrman consistently found a dimension of
three for the healthy speakers in contrast to inconsistent estimates for the pathological
speakers. However, the EGG signal only contains information regarding the voice source
and thus does not describe the complete speech system.
3.6 Conclusions
This chapter has provided a review of existing literature concerning the dimensionality of
speech. A number of differently motivated approaches have been reviewed, all of which
aim to provide information regarding the, possibly nonlinear, low-dimensional structure
of speech. Previous results have been somewhat inconsistent; this may be due to factors
such as differing motivations, sources of speech data, and feature extraction procedures.
However, the general consensus of the studies reviewed in this chapter is that speech has
intrinsic low-dimensional structure. A number of these studies have pointed to the possible
nonlinear embedding of this structure in high-dimensional space. In the following chapters
we describe our work—applying manifold learning methods to speech—which builds upon
existing knowledge and attempts to exploit this possibly nonlinear embedding in order to
discover the underlying low-dimensional structure in speech.
5An electroglottographic signal measures changes in the electrical resistance across the larynx using
electrodes placed on the neck. This signal provides information on vocal fold activity.
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Chapter 4
Dimensionality Reduction
This chapter provides an introduction to dimensionality reduction, introduces the concept
of the curse of dimensionality, and details a number of methods to reduce the dimension-
ality of a data set.1 These methods are applied in subsequent chapters.
Dimensionality reduction methods can be categorised as either linear or nonlinear, and
we group and discuss the methods under these two categories. In order to demonstrate
and compare the capabilities of these methods, we apply them to a number of data sets,
including both toy examples and real-world image data, and present the results. Previous
applications of these dimensionality reduction methods to speech are also reviewed. In
conclusion a summary of these methods and our opinions on dimensionality reduction of
speech data is presented.
4.1 Introduction
Contemporary signal processing applications frequently involve dealing with data sets
that are high-dimensional; that is, data sets consisting of a large number of measurements,
often sampled at a high frequency. The size of these data sets is constantly increasing with
advances in sensor and data storage technologies. Examples of such high-dimensional data
sets, which are currently the subjects of large and active research areas, include:
• Speech and audio: Hundreds or thousands of measurements describing the spectral
1This chapter is intended to provide an introduction to the large and continually expanding field of
dimensionality reduction. More detailed surveys of this field and the methods covered in this chapter are
given by Carreira-Perpin˜a´n (2001); Verbeek et al. (2004); Burges (2005); Saul et al. (2006); Lin and Zha
(2008); van der Maaten et al. (2009).
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content of the signal typically made every 10–40ms.
• Image: Current image capture technology can measure the colour levels of many
millions of pixels. For video this is performed many times every second, with 24
frames per second common.
• Genomic and proteomic data: Microarray and mass spectrometry produce a large
amount of data describing the characteristics of an organism or disease. A typical
genomic data set consists of thousands of microarray gene measurements while a pro-
teomic profile generated by mass spectrometry commonly contains tens of thousands
of measurements (Hauskrecht et al., 2007).
• Text: With the advent of the internet, text processing can require working with
billions of documents; each of which is typically represented by a vector describing
the frequency of occurrence of each of many thousands of words in a dictionary.
It is often desirable to reduce the dimensionality of such high-dimensional data prior
to processing as the dimensions are often correlated and may contain a large amount of
redundant information which only serves to obscure the significant information within the
data. Also, the dimensionality of the original high-dimensional data set—the number of
measurements made—may be higher than the number of degrees of freedom of the mea-
sured process or system. Thus, the inherent dimensionality of the data may be lower than
the dimensionality of the original data space. An example of this is given in Figure 4.1
which shows images of the Newell teapot2 in various degrees of rotation about one dimen-
sion. Each of these images is represented by 1080900 (1201× 901) values, with each value
representing the grayscale level of a single pixel. This data set is clearly high-dimensional,
however the underlying data has just one degree of freedom—the dimension of rotation—
and thus could be adequately represented using just one feature. In this case the goal of
dimensionality reduction would be to discover this one significant feature.
2This teapot model, also known as the Utah teapot, was created by Martin Newell (1975) at the
University of Utah and has become a standard three-dimensional reference object used in the computer
graphics field. The teapot data set used in this work was developed by Mathworks (2004).
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Figure 4.1: Images of the Newell teapot rotated in one dimension.
4.2 Curse of dimensionality
A further motivation for the reduction of high-dimensional data is the ‘curse of dimension-
ality’. This phrase, first used by Bellman (1961) in the field of adaptive control processes,
describes the fact that when estimating a function to a given degree of accuracy the
amount of data required grows exponentially with the dimensionality of the data. This
problem is due to the exponential increase in volume with increasing numbers of dimen-
sions. For a simple example of this—after Steinbach et al. (2004)—consider distributing
100 points randomly in the unit interval [0, 1] and then partitioning the interval into ten
equal length, evenly spaced cells . The resulting cells are all likely to contain a number
of points. Next, consider distributing 100 points in a similar fashion in two-dimensional
space. An equivalent partitioning scheme requires dividing each dimension in 10 and will
result in 100 two-dimensional cells, a number of which will likely be empty. The number
of cells increases with the number of dimensions. So for a D-dimensional space, 10D cells
would be required. Thus, the number of empty cells increases with dimension. A visual
demonstration of this increase in volume is shown in Figure 4.2, which depicts 100 points
randomly distributed in one-, two-, and three-dimensional spaces. The volume of the space
and data sparsity can be seen to increase with dimension, illustrating the fact that the
amount of data required for function estimation to a given degree of accuracy increases
exponentially with dimension.
As a further illustration of the inherent sparsity of high-dimensional spaces (Scott,
1992) consider a D-dimensional hypersphere of radius r inscribed within a D-dimensional
hypercube with sides of length 2r. An illustration of this, where D = 3, is shown in
Figure 4.3. The sphere’s volume is defined as
VS(D, r) =
π
D
2 rD
Γ
(
D
2 + 1
) , (4.1)
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Figure 4.2: Increasing data sparsity with increasing dimensionality, after Wang (2006).
where
Γ(p) =
∫ ∞
0
e−xxp−1dx . (4.2)
While the volume of the hypercube can be calculated as
VC(D, r) = (2r)
D . (4.3)
The proportion of the volume of the sphere, VS , to the volume of the cube, VC , is given
by
VS
VC
=
π
D
2
2DΓ
(
D
2 + 1
) → 0 , as D→∞ . (4.4)
It can been seen that as the dimensionality increases the volume of the sphere becomes
much less than that of the cube. This means that the vast majority of the volume of the
space is located in the ‘corners’ of the cube. This result illustrates the inherent sparsity
and vastness of high-dimensional spaces and the requirement for more data points to
accurately model such spaces.
However, in practice the addition of new dimensions often leads to poorer performance.
This may be caused by the curse of dimensionality, if the number of training samples is
not sufficient relative to the data dimensionality. It may also result from the inclusion of
irrelevant information with the new features.
4.3 Dimensionality reduction methods
A large number of methods have been proposed to reduce the dimensionality of a data set
by producing a small number of features that describe the key characteristics of the data
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Figure 4.3: A sphere inscribed within a cube in three-dimensional space.
and preserve discriminatory information. These methods can reveal information regarding
the true degrees of freedom of the system and help overcome the problems such as the
curse of dimensionality, mentioned above. Potential applications of these methods include:
• Visualisation: When dealing with high-dimensional data it may be difficult to de-
termine significant patterns and discover key characteristics. This problem can be
overcome by reducing the data down to its two or three most significant dimensions
and visually analysing the data to determine any structure, patterns, outliers, and
so forth.
• Compression: In situations where transmission bandwidth or data storage resources
are limited, it may be desirable to reduce the number of measurements required to
adequately represent the data. This can be accomplished by applying dimensionality
reduction techniques to achieve the appropriate balance between data dimensionality
and loss of information.
• Noise removal: Dimensionality reduction methods can be applied to retain important
information while removing redundant information. As noise can be considered
redundant information, this strategy can be employed for noise removal.
• Classification: In classification tasks it is necessary to have a feature space in which
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different classes are well separated. This separation can be achieved by applying
dimensionality reduction methods to preserve discriminative information while re-
moving irrelevant information.
• Improving efficiency: Reduction of dimensionality reduces storage requirements and
the computational complexity of any subsequent processing.
Dimensionality reduction methods may be categorised as either feature selection or
feature extraction techniques. Feature selection methods aim to select a subset of the
original dimensions to represent the data while minimising information loss. These meth-
ods offer the advantage of producing features that have a clear meaning attached to them;
for example, a particular set of pixels in the case of image processing, or a distinct set of
frequency bands in speech or audio processing. They are also advantageous in terms of
practical system implementation as once the required features have been identified it is
only necessary to compute this small set of features, rather than all the original measure-
ments.
In contrast, feature extraction methods produce an entirely new set of features by
forming a combination of the original features, rather than simply choosing a subset of
the original features. These new features are formed by performing some operation, such
as a projection, to map the original high-dimensional features into a lower-dimensional
space. The resulting features are often referred to as hidden or latent variables. Feature
extraction techniques are advantageous as they are not limited to a selection of the existing
dimensions. The dimensionality reduction techniques used in this dissertation, detailed
in Sections 4.3.1 and 4.3.2, may be categorised as feature extraction rather than feature
selection.
Dimensionality reduction methods may also be categorised as supervised or unsu-
pervised, linear or nonlinear. Supervised methods require class label information to be
provided for each data point, whereas unsupervised methods process unlabelled data. Un-
supervised methods are currently the most prevalent as it is often a very time consuming,
expensive, error-prone, and thus impractical task for a human, or humans, to manually la-
bel an entire data set. As a result we shall primarily focus on unsupervised dimensionality
reduction methods. Linear methods are constrained to performing linear transformations
of the high-dimensional data whereas nonlinear methods attempt to overcome this con-
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Figure 4.4: Categories of dimensionality reduction methods.
straint. A detailed description of a number of linear and nonlinear methods follows in
Section 4.3.1 and 4.3.2, respectively. A diagram illustrating the different categories that
the various dimensionality reduction methods used in this dissertation belong to is shown
in Figure 4.4.
4.3.1 Linear methods
Linear dimensionality reduction methods are limited to forming linear combinations of
the original high-dimensional features. These methods are generally efficient, easy to
implement, and often provide a (potentially lossy) bidirectional mapping between high-
and low-dimensional space. However, they are constrained to projecting the data onto
a linear manifold within the original high-dimensional feature space. The classical PCA
and MDS linear dimensionality reduction methods are discussed in detail in the following
subsections.
Principal component analysis
PCA (Jolliffe, 1986), also referred to as the Karhunen-Loe`ve transform (KLT), is a well
known and widely used linear dimensionality reduction technique. It was originated by
Pearson (1901) and developed further in a number of classical papers by Hotelling (1933).
The aim of PCA is to produce a low-dimensional representation of high-dimensional data
that preserves the greatest sources of variation within the data set. This is achieved by
performing a linear transformation of the data, projecting it onto the axes of greatest
variance, called the principal components. The resulting low-dimensional features are
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Figure 4.5: The principal components of a two-dimensional data set; the solid line indicates
the first principal component, the dashed line represents the second principal component.
uncorrelated and ordered such that the greatest variance by any projection of the data
set is accounted for by the first dimension, the second greatest variance by the second
dimension, and so on. This is illustrated in Figure 4.5, which shows 1000 points distributed
in two-dimensional space with the first and second principal components displayed.
The PCA method can be applied as follows. We begin with an N × D matrix X
consisting of N D-dimensional points
X = [x1,x2, . . . ,xN ]
′ , (4.5)
where X is assumed to be centered, i.e. have zero mean.3 PCA finds a linear combination
of these D-dimensions resulting in a N × d matrix
Y = XA , (4.6)
3Nonzero mean data can be centered by simply subtracting the mean µx, as follows:
x¯i = xi − µx for i = 1, . . . , N .
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where d≪ D. Given the data covariance matrix,
CX =
1
N − 1X
′X , (4.7)
the D× d linear transformation matrix A is composed of the d eigenvectors of CX having
the largest eigenvalues
A = [α1,α2, . . . ,αd] , (4.8)
with the eigenvector α1 corresponding to the largest eigenvalue, α2 corresponding to the
second largest, and so on.
The above definition can be derived as follows (Jolliffe, 1986). First, consider the case
of the first principal component α1; which is required to maximise the variance of
Var(Xα1) = α
′
1CXα1 . (4.9)
This maximisation problem can be solved by introducing the Lagrange multiplier (Duda
et al., 2000, p. 610), λ1, and the constraint that α
′
1α1 = 1. This results in the Lagrangian
L(α1, λ1) = α
′
1CXα1 − λ1(α′1α1 − 1) . (4.10)
Differentiating L with respect to α1 gives
∂L
∂α1
= CXα1 − λ1α1 = 0 (4.11)
and thus
CXα1 = λ1α1 , (4.12)
therefore, λ1 is an eigenvalue of CX and α1 is the corresponding eigenvector. Using (4.12)
we find that the quantity we wish to maximise, previously stated in (4.9), is
α′1CXα1 = α
′
1λ1α1
= λ1α
′
1α1
= λ1 , (4.13)
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thus for the first principal component, which maximises the variance of the projected data,
we must set λ1 equal to the largest eigenvalue and α1 is the corresponding eigenvector.
Similarly each successive principal component αi can be shown to equal the eigenvector
corresponding to the ith largest eigenvalue.
The relationship between the eigenvalues and the variance of the data set can be
exploited in a number of ways. For example, all of the eigenvalues can be plotted and their
relative magnitude compared. If there is a large number of relatively small eigenvalues
followed by a series of much larger values, it would suggest that only the eigenvectors
corresponding to these larger eigenvalues are necessary to represent most of the data
variation after PCA. Also, the eigenvalues can be used to measure the fraction of variance
preserved with a chosen number of principal components. The sum of all eigenvalues equals
the total data variance, thus comparing this to the sum of the eigenvalues corresponding to
the chosen principal components will reveal the fraction of variance preserved, as follows
∑d
i=1 λi∑D
i=1 λi
. (4.14)
PCA is a popular method, due in part to its simplicity, and has been successfully
applied to wide range of data sets. However, PCA is not the best technique for all data
sets. In some cases the axes of transformation chosen by PCA may not be optimal for
feature extraction. PCA is only concerned with first order correlations and thus will be
sub-optimal for data sets where higher order moments are significant.
The effectiveness of PCA is limited by the significant constraint of its global linearity.
A number of nonlinear variants of PCA have been proposed in an effort to overcome this
constraint. Of these nonlinear variants kernel PCA (Scho¨lkopf et al., 1998) is one of the
most widely used.
Classical multidimensional scaling
MDS (Cox and Cox, 2001) is a statistical method for uncovering low-dimensional structure
in high-dimensional data; in this respect it is similar to PCA. However, rather than pre-
serving the greatest sources of variance of the data, as is the case in PCA, MDS produces
a low-dimensional representation whose interpoint distances preserve as best as possible
the pairwise similarities between the original data points. Simply stated, after MDS, sim-
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ilar points are located close together and dissimilar points are far apart. The measure
of similarity can be achieved in many different ways; for example, simply computing the
Euclidean distance between all points in feature space or, asking people to assess the simi-
larity of each pair of objects in a collection. The flexibility afforded by the ability of MDS
to work with many different types of distance measures has led to its application in many
different fields including: psychometrics, where the technique originated; economics; soci-
ology; anthropology; political science; market research; and speech analysis, as mentioned
in Chapter 3.
The term MDS is commonly used to refer to a set of mathematical techniques, rather
than a single method. A myriad of variants of MDS have been proposed, including methods
which are capable of determining common structure in multiple similarity matrices. In
general, MDS methods can be categorised as either metric or nonmetric. Metric MDS
refers to case when there is some quantitative objective distance measure indicating the
similarity between objects. In contrast, in nonmetric MDS the only requirement is that
the objects are ranked according to similarity. In this dissertation we focus on the classical
metric MDS, as it is relevant to the Isomap method discussed in Section 4.3.2.
MDS can be mathematically described as follows. Given a set of N high-dimensional
points x1, . . . ,xN MDS seeks to find a low-dimensional representation y1, . . . ,yN . We
define the distance between two points xi and xj as δij and let dij equal the distance
between yi and yj . MDS aims to find a low-dimensional representation which minimises
the differences between all δij and dij . Ideally this equates to δij = dij ∀i, j; however, this
is unlikely to be possible. As a result, various different types of error or stress function
are used in practice, for example
SM =
N∑
i,j=1
(δij − dij)2 . (4.15)
The general MDS algorithm, using a standard gradient-descent method, can be stated
as follows:
1. Assign N points y1, . . . ,yN arbitrarily in low-dimensional space.
2. Compute a measure (e.g. Euclidean distance) of the interpoint distances dij in this
space.
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3. Evaluate the stress function, for example (4.15), using these distances and the orig-
inal dissimilarity measure δij .
4. Change the low-dimensional points yi in the direction that best decreases the stress
function.
5. Repeat the above 3 steps until the stress function ceases to decrease.
As an example of a specific MDS method we describe classical metric MDS, one of the
earliest proposed MDS approaches. In classical metric MDS all distances are computed
using the squared Euclidean distance function,
δEij = ‖xi − xj‖2 . (4.16)
Assume we are given only the interpoint similarity matrix ∆ consisting of the interpoint
distances δEij for all points in the high-dimensional space. The task is then to reconstruct
the original high-dimensional points using this matrix. This can be achieved by first
constructing a symmetric matrix T containing the inner products between data points
T = XX′ , (4.17)
with elements tij = x
′
ixj . As we do not know the original data points we require a means
of calculating the inner products from the squared interpoint distances. These squared
distances can be expressed in terms of the inner products as
δEij = (xi − xj)′(xi − xj)
= x′ixi + x
′
jxj − 2xixj
= tii + tjj − 2tij , (4.18)
and, assuming the data is centered, the inner products can be thus calculated from the
squared distances (Verbeek, 2004) as
tij = −1
2

δEij − 1N
N∑
j=1
δEij −
1
N
N∑
i=1
δEij +
1
N2
N∑
i,j=1
δEij

 . (4.19)
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This has the effect of subtracting the row and column average of each entry and then
adding the overall matrix average back in. The eigendecomposition of the symmetric
matrix consisting of these tij elements is
T = AΛA′ , (4.20)
where A is a matrix whose columns are the eigenvectors of T and Λ is a diagonal matrix
made up of the corresponding eigenvalues. The original points can be optimally recon-
structed, using (4.17) and (4.20), as
X = AΛ
1
2 . (4.21)
MDS seeks a d-dimensional representation Y of the original high-dimensional data X.
This can be achieved as follows
Y = AdΛ
1
2
d , (4.22)
where Λd is diagonal and contains the d largest eigenvalues of T and Ad contains the
corresponding d eigenvectors.
While the PCA and MDS methods both aim to preserve different properties of the
data they are effectively equivalent when Euclidean distances are used in MDS, as above.
As with PCA, the classical metric MDS approach is limited to discovering underlying
linear structure. Various nonlinear variants of MDS have been developed including the
popular Sammon’s mapping (Sammon Jr., 1969) that is similar to the classical metric
MDS described above but uses a different stress function
SS =
1∑N
i,j=1 δij

 N∑
i,j=1
(δij − dij)2
δij

 , (4.23)
which has the effect of emphasising the preservation of short distances. Further nonlinear
extensions of MDS are discussed in the following section.
4.3.2 Nonlinear methods
As mentioned previously, the linear methods discussed above are constrained to operate
in situations where the underlying structure of the data is embedded linearly, or almost
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linearly, in the high-dimensional space. As a result, these methods are unable to discover
intrinsic structure nonlinearly embedded in high-dimensional space. For example, these
methods would fail to reveal the true low-dimensional structure of the Swiss roll and teapot
data sets presented in Figures 1.1 and 4.1, respectively. Beyond these toy data sets, the
assumption of linearity is also a problem in many real-world tasks. For example images of
faces and handwritten digits break the assumption of an underlying linear subspace and
require a nonlinear mapping.
In order to overcome the linear limitations of methods such as those discussed in
the previous section a number of methods have been proposed based on the assumption
that the data has an underlying nonlinear manifold structure. These methods aim to
map high-dimensional data onto a nonlinear low-dimensional manifold while retaining
the underlying structure of the data; as a result these methods are often referred to as
manifold learning methods. Manifold learning methods may be categorised according to
the type of structure they aim to preserve. The underlying global geometry of a data set is
preserved by methods such as Isomap and its variant, landmark Isomap (L-Isomap), while
local geometric structure is preserved by the LLE and Laplacian eigenmaps algorithms.
The next section provides a brief description of manifolds and the assumptions made by
the manifold learning methods. Following this, each of the manifold learning methods are
discussed in detail.
A note on manifolds
The term manifold, as used in differential geometry and topology, may be formally defined
as a topological space which is locally homeomorphic to Euclidean n-space, Rn (Hirsch,
1976). Stated less formally, a manifold is a space that is locally Euclidean—that is, on a
small scale in a local neighbourhood such a space resembles the Euclidean space of a specific
dimensionality, this is the dimensionality of the manifold. Thus, a curve is an example of a
one-dimensional manifold and a sphere is an example of a two-dimensional manifold (Seung
and Lee, 2000). Figure 1.1 provides a further example of a two-dimensional manifold.
The manifold learning methods used in this dissertation—Isomap, LLE, and Laplacian
eigenmaps—assume that the input data points are sampled from a smooth manifold, i.e.
a manifold that contains no discontinuities (van der Maaten et al., 2009). As a result of
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this assumption manifold learning methods typically perform poorly under the presence
of disconnected, i.e. non-smooth, manifolds in the data. Also, most manifold learning
methods are unable to discover the true underlying manifold structure when the manifold
contains holes (Tenenbaum, 1998). The interested reader may wish to refer to Lin and Zha
(2008) for a more detailed discussion of manifolds in relation to manifold learning methods.
Having discussed what a manifold is, each of the three manifold learning methods used in
this dissertation are discussed in detail in the following sections.
Isomap
The Isomap algorithm4 (Tenenbaum et al., 2000) is a nonlinear generalisation of the clas-
sical MDS method discussed in Section 4.3.1. Classical MDS is concerned with Euclidean
distances in feature space. However, given a situation where the data lies on or near a
manifold nonlinearly embedded in the high-dimensional feature space Euclidean distances
may be unsuitable. In this case, the use of Euclidean distances may result in points which
are located a large distance apart on the manifold being incorrectly classed as close neigh-
bours. This is illustrated in Figure 4.6 which shows data with an inherent dimension of
two embedded in three-dimensional space. Both the Euclidean distance and the geodesic5
distance—that is, the distance on the manifold from which the data is sampled—between
two points are shown. It can be seen that the geodesic distance gives a truer reflection
of the underlying geometrical structure of the data. The geodesic distance will be large
for two points which are located far apart on the manifold and small for two points which
are located close together on the manifold. This is in contrast to the Euclidean distance
which may be small for two points which are located far apart on the manifold.
Isomap extends the classical MDS methods and aims to preserve geodesic, rather
than Euclidean, distances. It seeks a mapping from a D-dimensional data set of size
N , X = [x1, . . . ,xN ]
′, to d-dimensional feature space Y, where d ≪ D, that preserves
geodesic distances between pairs of data points. Thus, Isomap aims to produce a new
set of features such that the difference between the geodesic distance between points xi
and xj and the Euclidean distance between points yi and yj is minimised. This has the
4Isomap code can be found at http://web.mit.edu/cocosci/isomap/isomap.html.
5A geodesic is the shortest curve connecting two points on a manifold. For example, a longitudinal line
along the Earth’s surface connecting the two poles. The length of such a curve is the geodesic distance.
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Figure 4.6: Inherently two-dimensional data nonlinearly embedded in three-dimensional
space. Point colour corresponds to position on the underlying manifold. The Euclidean
distance, solid line, and geodesic distance, dashed line, between two points are illustrated.
effect of preserving the global geometric properties of the manifold while reducing the
dimensionality.
The Isomap algorithm consists of three steps:
1. Construct a neighbourhood graph: For each data point xi (i = 1, . . . , N), compute
its neighbours. Various approaches exist to compute the neighbours and the user
must specify an approach appropriate to the data set. Two simple and popular
approaches are the ǫ-radius and k-nearest neighbour approaches. In the case of the
k-nearest neighbour approach a definition δij of the ‘nearness’ of points xi and xj ,
for example the Euclidean distance δXij = ‖xi − xj‖, is used to determine the k data
points closest to xi in the data space. Alternatively using the ǫ-radius approach the
neighbours of xi are defined as all points xj for which δ
X
ij < ǫ. Having computed
the points making up the ‘neighbourhood’ of each point in the data set, a weighted
neighbourhood graph G is constructed by connecting neighbouring points. An edge
e(i, j) is connected between vertices vi and vj only if xi and xj are neighbours. The
weight wij of e(i, j) is set equal to δ
X
ij .
2. Estimate geodesic distances: Following construction of the neighbourhood graph
it is assumed that the geodesic distance, the shortest path distance between two
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points i and j on the manifold, is approximately equal to the length of the shortest
path through the neighbourhood graph, G: gij . The shortest path between all pairs
of points on the neighbourhood graph can be computed using a technique such as
Floyd’s (Floyd, 1962) or Dijkstra’s (Dijkstra, 1959) algorithm. The use of Dijkstra’s
algorithm results in a complexity of O(kN2 logN) (de Silva and Tenenbaum, 2003).
The resulting geodesic distances gij form a symmetric matrix G.
3. Apply classical MDS to G: The geodesic distance matrix G can now be used in
place of the Euclidean dissimilarity matrix in the classical MDS method to yield
a low-dimensional embedding Y of the data. First we define Y = [y1, . . . ,yN ]
′,
yi ∈ Rd. Let T be a symmetric matrix containing the target inner products between
all yi
T = YY′ . (4.24)
Assume that the low-dimensional embeddings are translation invariant,
∑N
i=1 yi = 0.
The target inner product matrix can then be computed from the known squared
geodesic distances Gˆ =
{
g2ij
}
i, j = 1, . . . , N as
T = −HGˆH
2
, (4.25)
where H is simply a centering matrix with elements
hij =


1− 1N , i = j ,
− 1N , i 6= j .
(4.26)
Isomap aims to produce a low-dimensional embedding such that the difference be-
tween the geodesic distances g2ij and the Euclidean distance between points yi and
yj is minimised. Thus, we wish to minimise the least square error between YY
′
and T. This can be accomplished by performing an eigendecomposition of T. The
low-dimensional embeddings can then be computed as
Y = AdΛ
1
2
d , (4.27)
where Λd is diagonal and contains the d largest eigenvalues of T and Ad con-
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tains the corresponding d eigenvectors. These computations are analogous to Equa-
tions (4.17)–(4.22) of classical MDS.
Landmark-Isomap
The Isomap algorithm requires the performance of a number of computationally expensive
operations and as a result it may be inefficient and impractical to run it on large data sets.
There are two particularly demanding computations (de Silva and Tenenbaum, 2003).
First, the computation of the geodesic distance matrix G, Step 2 above, which has a
complexity of O(kN2 logN) using a Dijkstra’s algorithm based approach or, worse still,
O(N3) using Floyd’s algorithm. Second, the eigendecomposition used in MDS, Step 3
above, involves a full N ×N matrix and has complexity O(N3).
De Silva and Tenenbaum (2003) proposed the L-Isomap method which reduces the
computational requirements of Isomap that prohibit its application to large data sets. In
L-Isomap n data points are chosen as landmark points on the manifold, where n ≪ N .
L-Isomap operates in a similar fashion to Isomap, however rather than preserving the
distances between all pairs of points, only distances between all points and the n landmark
points are preserved. This is achieved using a landmark MDS procedure (de Silva and
Tenenbaum, 2003, 2004), as follows:
1. Choose n landmark points from the data set X. The number of landmark points, n,
must be larger than the minimum d+1. Based on the assumption that the manifold
is well-sampled these points may be randomly selected from the input data set.
2. Apply classical MDS to the n×N matrix ∆L of distances between each point and
the landmark points. This produces d-dimensional embeddings of the n landmark
points.
3. To embed the remaining points in Rd, first compute a matrix ∆X whose columns
δXi contain the squared distances between each data point xi and each of the n
landmark points. The ith element of the low-dimensional representation yij of point
x•j can then be computed as
yij = −1
2
α
′
i√
λi
(δXj − δLµ ) , (4.28)
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where δLµ is the column mean of ∆
L. The term λi equals the ith largest eigenvalue
of the inner-product matrix constructed from∆L, as in (4.25), with αi denoting the
corresponding eigenvector.
For a small n, relative to N , this approach greatly reduces the computational bottle-
necks of Isomap. The n×N matrix ∆L can be computed using Dijkstra’s algorithm with
complexity O(knN logN) as opposed to O(kN2 logN) and the landmark MDS procedure
above has complexity O(n2N), improving on classical MDS which runs in O(N3).
A comparison of the performance of L-Isomap using various numbers of landmark
points is shown in Figure 4.7. In this example L-Isomap is applied to a data set of
points sampled from a two-dimensional plane nonlinearly embedded in three-dimensional
space. L-Isomap successfully discovers the underlying manifold using both large and small
numbers of landmark points. The performance of L-Isomap with a relatively small number
of landmark points is shown to be comparable to standard Isomap, Figure 4.7(b), which
uses all points in the data set. It is interesting to note the small amount of rotation
visible in the low-dimensional embeddings of Figure 4.7(g) and Figure 4.7(i). This minor
rotation is due to a bias caused by the location, in high-dimensional space, of the particular
landmark points selected in both these cases. To verify that this was the cause of the
rotation, this experiment was repeated several times with different sets of landmark points
and the rotation was not found to reoccur. Such a bias is most likely to occur with a small
number of landmark points as the potential for these points to insufficiently sample the
embedded manifold is greatest in this case.
Locally linear embedding
LLE6 (Roweis and Saul, 2000) is an unsupervised learning algorithm that computes low-
dimensional embeddings of high-dimensional data. The principle of LLE is to compute a
low-dimensional embedding with the property that nearby points in the high-dimensional
space remain nearby and similarly co-located with respect to one another in the low-
dimensional space. In other words, the embedding is optimised to preserve local neigh-
bourhoods, as illustrated in Figure 4.8; this is in contrast to Isomap which aims to preserve
the underlying global structure of the data set.
6Additional details, examples, and code relating to the LLE algorithm are available at the following
website: http://www.cs.toronto.edu/~roweis/lle/.
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(a) Original S–curve data set
(b) n = N = 2000 (c) n = 1000 (d) n = 500
(e) n = 250 (f) n = 125 (g) n = 62
(h) n = 31 (i) n = 7 (j) n = 3
Figure 4.7: Effect of the number of landmark points n on L-Isomap. Two-dimensional em-
beddings resulting from the application of L-Isomap on (a) N = 2000 data points sampled
from a three-dimensional S-curve manifold using different numbers of randomly sampled
landmark points, n. L-Isomap successfully discovers the underlying two-dimensional struc-
ture for a wide range of n values, from n = N (all the points) to n = 3.
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Figure 4.8: Inherently two-dimensional data nonlinearly embedded in three-dimensional
space. Point colour corresponds to position on the underlying manifold. Examples of the
locally linear neighbourhoods whose structure is preserved by LLE are outlined in black.
As with Isomap, the LLE algorithm can be summarised in three steps (Saul and Roweis,
2003):
1. For each data point xi compute its k neighbours. This can be accomplished using
the k-nearest neighbours or ǫ-radius schemes described in Step 1 of the standard
Isomap algorithm.
2. Compute weights W = {wij} that best reconstruct each data point xi from its
neighbours, minimising the reconstruction error E:
E(W) =
N∑
i=1
∥∥∥xi − N∑
j=1
wijxj
∥∥∥2 (4.29)
The weight wij scales the amount by which the data point xj contributes to the
reconstruction of point xi.
3. Compute the low-dimensional embeddings yi, best reconstructed by the weights wij ,
minimising the cost function Ω:
Ω(Y) =
N∑
i=1
∥∥∥yi − N∑
j=1
wijyj
∥∥∥2 (4.30)
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Step 1
xi
Step 2
xi
xj
wij
Step 3
yi
yj
wij
Figure 4.9: The LLE algorithm. In Step 1 the nearest neighbours, plotted as stars,
of the data point xi, represented as a square, are computed (using a k = 4 nearest
neighbour scheme). In Step 2 the reconstruction weights wij are calculated, minimising the
reconstruction error (4.29). In Step 3 the low-dimensional embeddings yi are constructed
based on the weights wij , minimizing the cost function (4.30).
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This three step process is illustrated graphically in Figure 4.9.
In Step 2, the reconstruction error is minimised subject to two constraints: first, that
each input is reconstructed only from its nearest neighbours, or wij = 0 for any xj that
is not a neighbour of xi; second, that the reconstruction weights for each data point sum
to one, or
∑N
j=1wij = 1 ∀ i. The optimum weights for each input can be computed
efficiently by solving a constrained least squares problem.
The cost function in Step 3 is also based on locally linear reconstruction errors, but
here the weights wij are kept fixed while optimising the outputs yi. The minimisation is
performed subject to constraints that the outputs are centered,
N∑
i=1
yi = 0 ∈ Rd , (4.31)
and have unit covariance,
1
N
N∑
i=1
yiy
′
i = I . (4.32)
The cost function has a unique global minimum solution for the outputs yi. This is the
result returned by LLE as the low-dimensional embedding of the high-dimensional data
points xi. The embedding cost function can be minimised by first defining a sparse,
symmetric, positive semidefinite N ×N matrix M = {mij} as
M = (I−W)′(I−W) . (4.33)
This allows (4.30) to be expressed as the quadratic form
Ω(Y) =
N∑
i,j=1
mij(y
′
iyj) , (4.34)
which can be minimised, according to the Rayleigh-Ritz theorem (Horn and Johnson,
1990), by finding the d+ 1 eigenvectors of M with the smallest nonzero eigenvalues. The
unit eigenvector, with the smallest eigenvector, is discarded fulfilling the constraint in
(4.31). The remaining d eigenvectors are the low-dimensional embeddings Y output by
LLE.
Many variants and extensions of the LLE algorithm described above have been de-
veloped subsequent to its proposal by Roweis and Saul (2000) including kernelised LLE
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(DeCoste, 2001), locally linear coordination (Roweis et al., 2002), Hessian LLE (Donoho
and Grimes, 2003), supervised LLE (de Ridder et al., 2003; Kayo, 2006), and robust LLE
(Chang and Yeung, 2006).
Laplacian eigenmaps
The Laplacian eigenmaps (Belkin and Niyogi, 2002, 2003) algorithm has a similar principle
to that of LLE, to compute a low-dimensional representation of high-dimensional data that
faithfully preserves proximity relations. It was originally motivated by the way that heat
transmits from one point to another. The algorithm is based on a neighbourhood graph
based approach, as in Isomap, and is structured as follows:
1. Construct a neighbourhood graph G as in Step 1 of Isomap.
2. Assign weights wij to the edges of the graph. These weights are typically constant,
e.g. wij = 1, or exponentially decaying, e.g.
wij = e
−
(
‖xi−xj‖
2
σ
)
, (4.35)
where σ ∈ R is a scaling parameter.
3. The embeddings yi (i = 1, . . . , N) are computed by minimising the cost function:
ε(Y) =
N∑
i,j=1
wij‖yi − yj‖2 . (4.36)
This cost function measures the squared distances between the embedded points, with
distance measured by the weights in the matrix W, and incurs a heavy penalty if neigh-
bouring high-dimensional points are mapped far apart in embedding space. This cost
function can be minimised by first introducing the Laplacian L:
L = Θ−W , (4.37)
where Θ denotes the diagonal weight matrix with elements θii =
∑N
j wij . The Laplacian
is a symmetric, positive definite matrix that represents the graph G. Equation (4.36) can
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then be written as:
ε(Y) = Tr[Y′LY] . (4.38)
Subject to the constraints, as in LLE, that the embedded points are centered (4.31) with
unit covariance (4.32), the cost function (4.36) is minimised by solving the eigenvector
problem
Ly = λDy . (4.39)
As in LLE, the smallest eigenvector—having the smallest eigenvalue—is discarded and the
remaining d smallest eigenvectors are the low-dimensional embeddings Y output.
4.3.3 Example applications
The methods discussed in Sections 4.3.1 and 4.3.2 offer a means of overcoming the inherent
problems faced when dealing with high-dimensional data, as introduced and discussed in
Sections 4.1 and 4.2. In this section, dimensionality reduction methods are applied to a
number of example data sets in order to provide a clear demonstration of the properties
and potential applications of these methods.
Two linearly separable classes
The first data set used to demonstrate the dimensionality reduction methods consists
of two sets of N = 1000 points distributed in three-dimensional space, as illustrated in
Figure 4.10(a). The means of the two sets of data were chosen to ensure the two ‘classes’
are linearly separable. The dimensionality reduction methods PCA, Isomap, LLE, and
Laplacian eigenmaps were each individually applied to reduce the dimensionality of the
original 2000 data points from three-dimensions to two-dimensions. The two-dimensional
outputs of each of these methods are shown in Figure 4.10(b)–(e). The two classes can
be seen to be well separated in the two-dimensional space output by each of the four
dimensionality reduction methods.
Swiss roll
The Swiss roll data set has been used in a number of previous sections as an illustration of
a low-dimensional manifold embedded in high-dimensional space. This data set is a two-
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(a) Original linearly separable two class data
(b) PCA (c) Isomap
(d) LLE (e) Laplacian eigenmaps
Figure 4.10: Examples of the performance of four dimensionality reduction methods on
N = 1000 data points sampled from two linearly separable classes of data, represented by
circles and squares, in three-dimensions. The two-dimensional representations resulting
from the application of PCA, Isomap, LLE, and Laplacian eigenmaps are shown.
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dimensional plane which is nonlinearly embedded in three-dimensional space, as shown in
Figure 1.1. The Swiss roll data set is generated using the function:
f (ϕ, h) = [ϕ cos(ϕ), h, ϕ sin(ϕ)] , (4.40)
where ϕ and h are numbers selected randomly from the intervals
[
3pi
2 ,
9pi
2
]
and [0, 21],
respectively. This data set is frequently used to demonstrate the capabilities of manifold
learning methods. The above implementation is based on a data set used by Roweis and
Saul (2000) to test the LLE algorithm.
In order to further demonstrate the abilities of the dimensionality reduction methods
N = 2000 data points were sampled from the Swiss roll data set, computed as detailed
in (4.40). PCA, Isomap, LLE, and Laplacian eigenmaps were then each applied to reduce
the original three-dimensional data to two dimensions. The two-dimensional outputs re-
sulting from the application of each of these four methods are shown in Figure 4.11. PCA
projects the data set into a new coordinate space so as to preserve the principal sources
of variation. However, in the case of the Swiss roll data this does not account for the
intrinsic geometric structure of the data set and results in an embedding which does not
‘unroll’ the Swiss roll and discover the underlying two-dimensional manifold. In contrast,
all of the manifold learning methods successfully ‘unroll’ the Swiss roll and uncover its
underlying structure. The Isomap algorithm best preserves the global structure of the
manifold. This is due to its ability to preserve metric distances.
Teapot images
The previously presented examples serve to demonstrate the limitations of linear dimen-
sionality reduction methods and motivate the use of manifold learning as a means to
overcome these constraints. However, these examples have dealt with data sets of rel-
atively low dimensionality. The following example uses a higher-dimensional data set
and displays the ability of manifold learning methods to reveal information regarding the
underlying degrees of freedom of a system.
Consider a teapot rotated through 360 degrees in a single dimension, as previously
discussed in Section 4.1 this system has one degree of freedom. However, if we were to
take measurements of this system in the form of images from a fixed viewpoint the resulting
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(a) Original Swiss roll data set
(b) PCA (c) Isomap
(d) LLE (e) Laplacian eigenmaps
Figure 4.11: Examples of the performance of four dimensionality reduction methods on
N = 2000 data points sampled from a three-dimensional Swiss roll structure. The two-
dimensional representations resulting from the application of PCA, Isomap, LLE, and
Laplacian eigenmaps are shown.
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measurements may be high-dimensional. For example, if the images consisted of 32 pixels
horizontally and 32 pixels vertically an image could be represented as a feature vector by
simply concatenating all of the rows together to yield a 1024-dimensional feature vector—
that is, 32× 32 pixels. N = 719 such images were created by rotating a graphical model
of a Newell teapot in half degree increments from 0–360 degrees in one-dimension, about
the vertical axis. Example images from this data set are given in Figure 4.12(a). PCA,
Isomap, LLE, and Laplacian eigenmaps were then each applied to produce two-dimensional
representations of the original 1024-dimensional images. The resulting representations are
shown in Figure 4.12(b)–(e). Again, the manifold learning methods produce a feature
space in which the underlying low-dimensional structure of the data set is clearly evident.
Conversely, PCA is unable to successfully discover the intrinsic manifold.
4.3.4 Comparison of dimensionality reduction methods
This section presents a comparison of some of the general properties of the methods
discussed above. For a thorough comparison of a wider range of dimensionality reduction
algorithms refer to van der Maaten et al. (2009).
Parameters
One free parameter to be chosen when using all of the dimensionality reduction methods
discussed above is simply the dimensionality, d, of the embedding space to be output by
these methods. In many cases the choice of d may be specified by the desired application,
for example if data visualisation is required the target dimensionality must be one, two, or
three. However, in many cases the correct choice of d or the inherent dimensionality of the
data is unknown. Assumptions and knowledge of the system responsible for generating
the data set may then be used to provide an indication of the underlying dimensionality of
the data, for example in the case of the rotated teapot of Figure 4.1 where the underlying
dimensionality is known to be one. Inherent dimensionality estimation methods, previously
discussed in Chapter 3, can also be used to determine the correct choice of d. Furthermore,
when using PCA, the value of d can be chosen such that a certain percentage variance is
retained, based on the eigenvalues of the principal component eigenvectors as described in
Section 4.3.1, in the low-dimensional embedding.
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(a) Example images taken from the teapot data set. Images at rotation 0◦, 60◦, 120◦, 180◦, 240◦,
300◦, and 360◦ are shown above their corresponding colour representation.
(b) PCA (c) Isomap
(d) LLE (e) Laplacian eigenmaps
Figure 4.12: Examples of the performance of four dimensionality reduction methods on
N = 719 images of a teapot rotated through 360 degrees in one-dimension; each original
image has 1024 dimensions (32×32 pixels). The two-dimensional representations resulting
from the application of PCA, Isomap, LLE, and Laplacian eigenmaps are shown.
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When using the nonlinear dimensionality reduction methods described above a second
parameter must be considered. This parameter concerns the computation of the nearest
neighbours: namely the number of nearest neighbours to compute, k, or the value of ǫ if
using an ǫ-radius neighbourhood scheme. A number of approaches have been proposed to
estimate the ‘optimal’ value of this parameter; for example, the work of Kouropteva et al.
(2002), Samko et al. (2006), and Shao (2008). These methods use various quantitative
measures to attempt to compute the quality of the low-dimensional embedding and select
the ‘optimal’ k value in relation to these measures. However, in practice the number of
nearest neighbours used is often chosen empirically. A comparison of the performance of
each manifold learning method using various numbers of nearest neighbours is shown in
Figure 4.13. In this example each method is applied to a data set of points sampled from
a two-dimensional plane nonlinearly embedded in three-dimensional space. If the number
of nearest neighbours used is too small or too large the manifold learning methods fail
to discover the underlying two-dimensional manifold. However, if the number of near-
est neighbours used is in the correct range the methods successfully uncover the latent
geometric structure. This issue is discussed further in Section 5.4.2.
Computational complexity
The practical applicability of a dimensionality reduction method is greatly affected by its
computational cost. In Table 4.1, the complexity of the most expensive computational
part of each dimensionality reduction method discussed above is shown. The value m in
Table 4.1 represents the sparsity of the matrices used in the computation of each method.
Specifically, m is the ratio of nonzero elements to the total number of elements in the
sparse matrix. Greater sparsity reduces the computational complexity of the required
eigenanalysis. The value N denotes the number of data samples. The number of landmark
points used in L-Isomap is represented as n.
It can be seen that the nonlinear dimensionality reduction methods are computationally
demanding, with a complexity that is the number of data samples, N , squared or cubed.
Consequently it may be infeasible to run such algorithms on large data sets. However,
approaches have been proposed to overcome this limitation. For example, the L-Isomap
algorithm, as described previously, offers a means to reduce the computational complexity
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(a) Original S–curve data set
(b) Isomap: k = 4 (c) Isomap: k = 10 (d) Isomap: k = 20 (e) Isomap: k = 100
(f) LLE: k = 4 (g) LLE: k = 10 (h) LLE: k = 20 (i) LLE: k = 100
(j) LEM: k = 4 (k) LEM: k = 10 (l) LEM: k = 20 (m) LEM: k = 100
Figure 4.13: Effect of the number of nearest neighbours k on manifold learning. Two-
dimensional embeddings resulting from the application of (b–e) Isomap, (f–i) LLE, and
(j–m) Laplacian eigenmaps on N = 2000 data points sampled from a three-dimensional
(a) S-curve structure with different numbers of nearest neighbours, k, used. If k is too
small, leftmost column, or too large, rightmost column, the manifold learning methods
fail to discover the underlying two-dimensional manifold.
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Method Computational Complexity
PCA O(D3)
MDS O(N3)
Isomap O(N3)
L-Isomap O(n2N)
LLE O(mN2)
LEM O(mN2)
Table 4.1: Computational complexities of dimensionality reduction methods, adapted from
van der Maaten et al. (2009).
of the standard Isomap algorithm.
Out-of-sample embedding
Out-of-sample embedding refers to the embedding of new high-dimensional feature vectors
into an existing low-dimensional space. Some dimensionality reduction methods possess
this ability, whereas others require so-called out-of-sample extensions in order to embed
new high-dimensional data points. In linear methods, such as PCA, out-of-sample embed-
ding can be achieved by simply applying the same transformation that was used to embed
the original high-dimensional data. However, for some nonlinear dimensionality reduction
methods, including those detailed above, such an approach is not possible. This is due
to the fact that these algorithms use a batch processing technique for which a parametric
out-of-sample embedding method is unavailable. As a result, a number of non-parametric
out-of-sample extensions have been developed (Bengio et al., 2004; Law and Jain, 2006).
Non-parametric methods do not provide all the parameters needed to embed new data, in
contrast to parametric methods. These non-parametric extensions estimate the transfor-
mation of new high-dimensional data to the previously created low-dimensional space.
The experiments performed for this dissertation, discussed in Chapters 6 and 7, did
not use out-of-sample extensions. Instead, all of the required data was transformed into
the low-dimensional space in one batch, so there was no requirement for out-of-sample
data to be embedded. The motivation for this approach is that the main focus of this
work is to examine the inherent low-dimensional manifold structure of speech and the
performance of the manifold learning techniques applied to speech data; an evaluation of
the performance of the out-of-sample extensions is beyond the scope of this work.
However, this batch processing approach is limited in that it may only be used in
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applications where all of the data to be embedded is available at the same time. For
example, this approach would not be suitable for use as a feature extraction front-end in
a typical ASR task. In such a task the ASR system is typically trained on a large training
set of speech feature vectors and later tested on previously unseen, out-of-sample, speech
feature vectors. Using a dimensionality reduction method it would be possible to produce
low-dimensional feature vector representations of the training speech utterances as they
are typically available as a single batch. These low-dimensional features could then be
used to train the ASR classifier. However, classification of unseen test speech would not
be possible without an out-of-sample extension as there would be no means to map the
testing speech data to the same low-dimensional feature space as the training speech.
Local vs. global methods
As discussed in brief in Section 4.3.2 above, the LLE and Laplacian eigenmaps methods
are local methods. These methods aim to preserve proximity relationships between data
points. This is in contrast to the Isomap algorithm that aims to preserve global geodesic
structure. LLE and Laplacian eigenmaps are also known as spectral embedding methods,
due to the fact that the low-dimensional embedding is produced by solving a sparse eigen-
value problem under the unit covariance constraint (4.32). However, a consequence of this
constraint is that the aspect ratio of the underlying manifold is distorted (Bo et al., 2008).
This problem is not encountered when using global methods, such as Isomap, which thus
result in an embedding closer to the true underlying manifold. This property is clearly
illustrated by the Swissroll example shown in Figure 4.11 above.
4.4 Previous applications to speech
Chapter 3 provides a review of existing literature investigating the inherent dimensional-
ity of speech. A number of these studies employed dimensionality reduction methods to
explore the dimensionality of the speech space. However, dimensionality reduction meth-
ods have also been used, and continue to be used, in a wide range of speech processing
applications. We briefly review some of the relevant literature here.
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Linear methods
Linear dimensionality reduction methods have been used in a myriad of previous speech
processing problems including: feature transformation for improved automatic speech
recognition performance (Eisele et al., 1996; Somervuo, 2003a; Wang and O’Shaughnessy,
2003; Schuster et al., 2005), speaker adaptation (Malayath et al., 1997; Kuhn et al., 1998),
data compaction (Beyerbach and Nawab, 1991), and speech analysis (Plomp et al., 1967;
Pols et al., 1969; Klein et al., 1970; Pols, 1971; Pols et al., 1973; Pijpers et al., 1993).
A number of linear dimensionality reduction methods have also been successfully applied
to speaker recognition in the past, including: LDA (Jin and Waibel, 2000), independent
component analysis (Jang et al., 2001) and PCA (de Lima et al., 2002).
Manifold learning methods
In addition to this interest in applying linear methods to speech, a number of exploratory
studies have recently applied manifold learning methods to speech data. The majority of
these studies were conducted during the same period of time we were conducting our own
investigations.
For example, to demonstrate the performance of the Laplacian eigenmaps algorithm,
Belkin and Niyogi (2003) applied the algorithm to N = 685 256-dimensional log Fourier
coefficient feature vectors extracted from a single sentence of speech. In the resulting
two-dimensional embedding, feature vectors were clustered into broad phone classes, for
example: vowels, fricatives and, plosives.
Similarly, LLE has also been applied in an exploratory study to visualise speech data
in a low-dimensional space. Jain and Saul (2004) applied both PCA and LLE to produce
two-dimensional embeddings of log-power Fourier spectra feature vectors extracted from
natural speech phones. The phones compared were limited in number, with the following
phones compared: ‘aa’ and ‘ae’; ‘ay’ and ‘ey’; and ‘p’, ‘t’, and ‘k’. In the first two cases
the vowels were found, based on visual inspection, to be separated in the two-dimensional
embeddings produced by LLE, while PCA failed to separate them. Both methods failed
to separate the ‘p’, ‘t’, and ‘k’ phones; however, in this case visual inspection of the low-
dimensional space resulting from LLE was found to reveal some phone-related structure.
Hegde and Murthy (2004) compared MFCCs and modified group delay features, dis-
66
cussed in Section 5.3, in a number speaker classification experiments. In order to visualise
the speakers the investigators also applied the LLE and Isomap algorithms to the orig-
inal high-dimensional feature vectors to yield three-dimensional spaces. However, it is
difficult to draw concrete conclusions regarding the performance of the algorithms in this
case, given the insufficient visualisation results and corresponding discussion presented.
In a similar study, Hegde et al. (2005) compared the performance of MFCCs and modified
group delay features in experiments aiming to identify the language of an utterance spoken
by an unknown speaker. In order to visualise clusters of data from different languages,
Hegde et al. employed the Isomap algorithm to produce two-dimensional embeddings of
the high-dimensional data. Varying degrees of separability between the different languages
investigated were found in the resulting embeddings. It is worth noting that in both of
these studies the manifold learning algorithms were only used to facilitate visualisation—
they were not used to process the data prior to classification.
Also, You et al. (2006) developed a manifold learning algorithm they term ‘enhanced
Lipschitz embedding’ and applied this in an application to recognise various classes of
emotion in spoken utterances. The manifold learning method was used to embed 64-
dimensional acoustic features—48 of these dimensions related to prosody and 16 to formant
frequencies—into a 6-dimensional embedding space. A support vector machine (SVM)
classifier was then used to classify spoken utterances into various emotional states. The
manifold learning approach yielded improvements of 5–26% over the traditional linear
approaches of PCA, LDA, and feature selection.
4.5 Summary and conclusions
In many fields, ranging from genomics to speech processing, researchers are frequently
faced with high-dimensional data sets. The dimensionality of these data sets has generally
increased over the years along with technological advances such as increased and faster
data storage media and more detailed measuring devices. However, there are a number
of inherent difficulties in processing high-dimensional data, such as the oft cited curse of
dimensionality.
A number of different methods have been proposed to alleviate these problems by
reducing the dimensionality of the data while retaining the, possibly latent, significant
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information within it. As discussed in Section 4.3 these methods may be categorised as
either linear or nonlinear. The linear PCA and MDS methods and nonlinear Isomap, L-
Isomap, LLE, and Laplacian eigenmaps methods are described above. The ability of the
nonlinear manifold learning methods to outperform PCA and discover underlying nonlin-
ear manifold structure is demonstrated in the examples shown in Figures 4.11 and 4.12.
Dimensionality reduction methods have successfully been applied to speech in a large
number of previous studies, as reviewed briefly in Section 4.4. Also, as discussed in
Chapter 3, it has previously been shown that speech may lie on a low-dimensional manifold
nonlinearly embedded in high-dimensional space. Thus, manifold learning methods could
potentially be useful in speech analysis, to study the underlying structure of speech, and in
other speech applications such as producing features containing significant discriminatory
information for use in phone classification tasks. The following chapters build upon the
theory, methods, and studies described in this dissertation thus far by experimenting with
and analysing the potential applications of these manifold learning methods in speech
processing.
68
Chapter 5
A Framework for Reducing the
Dimensionality of Speech
This chapter presents our proposed methodology for applying dimensionality reduction
methods to high-dimensional speech data and describes the means by which the low-
dimensional embeddings produced may be evaluated. We begin by outlining the aims of
this approach. Following this, detailed descriptions of the constituent parts of our approach
are provided, these include: speech data preprocessing and parametrisation; application
of dimensionality reduction methods; and evaluation procedures.
5.1 Proposed approach
As discussed in Chapter 1 we aim to investigate the underlying low-dimensional structure
of speech. We are particularly interested in exploring the hypothesis that speech has a
low-dimensional structure that is nonlinearly embedded in high-dimensional feature space.
This hypothesis is motivated by the previous studies reviewed in Chapter 3. Investigation
of this hypothesis requires methods capable of discovering intrinsic nonlinear structure in
a data set. Thus, we propose applying a number of manifold learning methods, discussed
in the previous chapter, to speech data in order to examine the underlying structure.
Our approach involves computing a high-dimensional feature representation of some
chosen set of speech, applying both linear and nonlinear dimensionality reduction meth-
ods to produce low-dimensional embeddings of these high-dimensional features, and finally
evaluating the performance of the dimensionality reduction methods. This approach is de-
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signed to enable comparisons of the performance of linear and nonlinear dimensionality
reduction methods to determine whether any one method is capable of discovering informa-
tion which other methods cannot. Also, by varying the dimensionality of the embeddings
produced, the amount of meaningful information captured at varying dimensionalities can
be evaluated. For example if a large amount of meaningful information was present in the
three-dimensional embedding of a data set, produced by some dimensionality reduction
method, and an insignificant increase in information content was observed as the target
dimensionality was increased from three up to the original dimensionality, D, it would
suggest that the data has an intrinsic three-dimensional structure.
One further problem addressed in our approach is how to evaluate the effectiveness of
the dimensionality reduction methods, or analogously, how to define the term ‘meaningful
information’ as used above. The problem of evaluation is approached in two ways:
• Visualisation: Two- and three-dimensional embeddings produced by the dimension-
ality reduction techniques are visually inspected in order to determine if any charac-
teristics of the original speech data are evident in the low-dimensional embeddings.
In particular, several characteristics of specific significance to speech are investi-
gated, including: speaker characteristics, prosodic information, and phone specific
information such as formant values.
• Classification: In order to perform a more rigorous, objective evaluation of the infor-
mation contained in any particular low-dimensional feature set a number of phone
classification and speaker identification experiments are performed. The aim of these
experiments is to evaluate how well phones and speakers, respectively, are separated
and clustered within any particular feature space. The classification performance
therefore provides a measure of how much ‘meaningful information’ is retained in
the feature space.
In Chapters 6 and 7, we apply our approach to data from two distinct speech corpora—
one synthetic, one natural. Using synthetic speech facilitates the analysis of signals with
known and controllable characteristics and allows us to determine the degree to which these
characteristics are retained after dimensionality reduction. Experiments are conducted on
synthetic speech data to provide an insight into the underlying dimensionality of speech
and applicability of the manifold learning methods to speech. However, synthetic speech
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Figure 5.1: Proposed approach to applying and evaluating the dimensionality reduction
methods.
is, by definition, only an approximation of the natural speech produced by humans. Thus,
we also perform experiments on a corpus of natural speech data containing the types
of prosodic and phonetic variation found in the real world. This enables us to draw
conclusions about real speech that experiments on synthetic data alone cannot provide.
The framework of our approach is outlined in Figure 5.1. The constituent parts of
this approach are discussed in the following sections; implementation details specific to
individual corpora and/or experiments are omitted in the following sections and discussed
in detail where appropriate in Chapters 6 and 7.
5.2 Preprocessing
The initial step in our approach requires that a particular chosen set of speech utterances
are made available. In the case of synthetic speech, a set of speech utterances are generated
to meet the requirements of the experiment in question. Our speech synthesis approach
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is described in Section 6.2. Alternatively a suitable set of utterances may be taken from
a natural speech corpus, as detailed in Section 7.1. Depending on the experiment to be
performed or desired application the speech chosen may be: from a single speaker or
multiple speakers; from an individual phone or many phones.
The speech signals to be analysed are then pre-emphasised by applying a filter of the
form,
P (z) = 1− pz−1 , (5.1)
where typically 0.95 ≤ p ≤ 1. This increases the magnitude of the high frequency spectrum
with respect to the low frequency spectrum. The purpose of applying such a filter is to
reduce the spectral contributions of lip radiation and the larynx (Deller Jr. et al., 2000).
Reduction of these contributions facilitates more accurate estimation of the shape of the
vocal tract, described in Section 2.1, a key part the speech production system.
Next, a series of short overlapping frames are extracted from the speech signals. This
framing is based on the common assumption that the characteristics of the speech produc-
tion system vary relatively slowly. Thus, for a short frame of speech, typically 20–40ms
(Quatieri, 2002), the speech signal can be assumed to be stationary, e.g. the vocal tract
shape, glottal source input, and noise do not vary considerably over such a short-time
interval. Over longer intervals speech signals are unlikely to be stationary due to the vari-
ation of vocal tract and source signal that are essential properties of speech production.
Many analysis techniques, such as the Fourier transform, cannot be applied to nonsta-
tionary signals—hence the motivation for this framing. Individual frames of speech are
extracted from the original speech signal by moving a sliding window, typically of dura-
tion 20–40ms, through the speech signal extracting all samples within the window. This
window slides at a frame rate that is chosen to be of a sufficiently short time interval to
capture dynamics within the speech signal, e.g. 10–20ms (Quatieri, 2002).
The window shape used in our approach is the common Hamming window (Deller Jr.
et al., 2000),
wn =


0.54− 0.46 cos
(
2pin
N−1
)
, n = 0, 1, . . . , N − 1
0, n otherwise .
(5.2)
The reason for using a window function such as this is to reduce abrupt discontinuities
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at the edges of the analysis window and thus prevent spectral leakage in any subsequent
Fourier analysis. This particular window shape has been chosen for use in our approach
as it is suitable for the computation of features derived from the magnitude spectrum and
features derived from the phase spectrum. The Hamming window has frequently been
shown in the literature to be suitable for preprocessing speech prior to the computation
of MFCC features from the short-time magnitude spectrum. This window shape has also
successfully been used in the computation of features derived from the short-time phase
spectrum based on the modified group delay function1 (Hegde, 2005; Hegde et al., 2007b).
Figure 5.2 displays each of the above preprocessing steps applied in sequence to a
sentence of real speech taken from the TIMIT database2. The result of this procedure is a
data set of windowed speech frames of equal length from which suitable high-dimensional
features may be extracted. This feature extraction procedure is detailed in the following
section.
5.3 Feature extraction
In a wide range of speech applications it is desirable to transform the raw speech signal into
a form in which the most important signal characteristics are easily accessible. This trans-
formed signal should facilitate further processing and extraction of the key characteristics
of the speech signal. Over the decades a large number of such speech signal representations
have been proposed. In recent times Fourier transform based representations have seen
prevalent use in various speech applications, such as ASR and speech coding.
Conventionally, features are computed based on the magnitude spectrum of the short-
time Fourier transform. One such feature set, the psychoacoustically motivated MFCCs,
have proven to be one of the most successful and have also been demonstrated to outper-
form other popular features, including LPCs and PLPs, in ASR tasks (Davis and Mer-
melstein, 1980; Milner, 2002). Due to the prevalence of MFCC features and the proven
1While our choice of Hamming window is based on that used by Hegde et al. (2007b) in the computation
of the modified group delay function, the interested reader may wish to note that Bozkurt et al. (2004)
present results indicating that Hanning-Poisson windows are preferable in group delay function based
analysis methods. However, Bozkurt et al. also show that the effect of window shape on the extraction of
phase information is comparatively less important than the size of window used.
2The TIMIT database is described in detail in Section 7.1. This particular sentence contains the
utterance “She had your dark suit in greasy wash water all year,” spoken by speaker DR1\FCJF0, and is
from the training portion of the corpora.
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Figure 5.2: Illustration of the preprocessing procedure applied to a sample of speech from
TIMIT. The topmost plot shows an entire utterance with a single phone, /O/, delineated
by dashed lines. Below this the single phone is shown after extraction from the original
utterance and application of preemphasis; two 40ms frames, with an overlap of 20ms, are
indicated by the dashed and solid lines. The first (dashed lines) frame is shown below this
with the Hamming window overlaid. The bottom plot shows the result of applying the
Hamming window producing a windowed frame of speech, ready for feature extraction.
ability of these features to effectively parametrise the important characteristics of the
speech signal we choose to use MFCC feature vectors as high-dimensional inputs to the
dimensionality reduction methods.
The short-time Fourier transform (STFT) can be decomposed into a magnitude spec-
trum and phase spectrum; the latter is commonly discarded and features are derived
solely from the magnitude spectrum as in the case of MFCCs above. This is true of
many speech-related tasks including ASR, speech coding, speech enhancement, and voice
conversion. This has also been the case in a large number of previous studies of the
intrinsic low-dimensional structure of speech sounds, as reviewed in Chapter 3. In con-
trast to this conventional belief that phase information may be ignored, a number of
recent studies have demonstrated the importance of the phase spectrum in human speech
perception (Paliwal and Alsteris, 2005) and ASR (Bozkurt and Couvreur, 2005). To ex-
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ploit the relevant information present in the phase spectrum Murthy and Gadde (2003)
proposed a feature set, modified group delay features (MODGDF), based on a modified
version of the group delay function. This feature set has been demonstrated to be useful
in several speech-related tasks, including: automatic identification of phoneme, syllable,
speaker, and language identification (Hegde et al., 2007b); and join cost calculation in
concatenative speech synthesis (Kirkpatrick et al., 2006). We propose applying a number
of dimensionality reduction methods to MODGDF representations of speech signals in
order to examine if any useful low-dimensional structure exists.
By examining the intrinsic low-dimensional structure of both magnitude- and phase-
derived features and evaluating the performance of low-dimensional embeddings of these
features we aim to determine if features derived from the phase spectrum are indeed use-
ful, as recently proposed, and if they have a similar intrinsic dimensionality to features
derived from the magnitude spectrum. A further motivation for choosing these two, differ-
ently derived, feature types is to investigate whether or not they contain complementary
information. Such complementary information, if present, could be exploited in speech
applications such as ASR. Both of the chosen feature types are described in more detail
in the following sections.
Furthermore, it is common in many speech applications to append delta features,
encoding temporal information, to the static features mentioned above. As a result, these
features are also studied from a dimensionality reduction perspective. These delta features
are discussed in Section 5.3.3.
5.3.1 Mel frequency cepstral coefficients
Proposed by Davis and Mermelstein (1980), MFCCs have seen widespread use in many
speech-related tasks, particularly ASR and speaker recognition. One key aspect of this
feature representation is its exploitation of psychoacoustics, specifically the human au-
ditory system’s ability to perceive frequencies. This is achieved by applying a series of
overlapping triangular filters spaced according to the mel scale, discussed in Section 2.2.1,
to the STFT magnitude spectrum. These filters, illustrated in Figure 5.3, mimic the
human auditory system’s ability to distinguish differences in low frequency ranges better
than differences at higher frequencies. The MFCC implementation used in this work, after
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Figure 5.3: A triangular filter bank where each filter is spaced according to the mel scale,
linearly for low frequencies and logarithmically for higher frequencies.
Huang et al. (2001), is illustrated in Figure 5.4 and described in detail in the following
section3.
Computation of mel frequency cepstral coefficients
First the discrete STFT, X(ω), of the windowed speech waveform is computed:
X(ω) =
N−1∑
n=0
x(n)e(−j2piωn/N), ω = 0, 1, . . . , N − 1 , (5.3)
where N is the length of the discrete STFT.
A mel scale filter bank is then applied to the square of the magnitude of the STFT,
|X(ω)|2. A mel scale filter bank consists of a number of triangular-shaped filters. The
center frequency and band edges of each filter are spaced linearly below 1 kHz and loga-
rithmically above this, to match the mel scale. A mel scale filter bank consisting of 20
filters is displayed in Figure 5.3. Each of these M filters, m = 1, 2, . . . ,M is computed as
(Huang et al., 2001):
Hm(ω) =


0, ω < fm−1
(ω − fm−1)
(fm − fm−1) , fm−1 ≤ ω ≤ fm
(fm+1 − ω)
(fm+1 − fm) , fm ≤ ω ≤ fm+1
0, ω > fm+1 ,
(5.4)
3Many different MFCC implementations have been developed over the years, for a comparative evalu-
ation of a number of these implementations refer to Ganchev et al. (2005).
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Figure 5.4: The steps involved in the computation of MFCC features.
where ω = 0, 1, . . . , N . The edges of each triangular filter, fm, are computed as:
fm =
(
N
Fs
)
B−1
(
B(fl) +m
B(fh)−B(fl)
M + 1
)
, (5.5)
where the lowest, fl, and highest, fh, frequencies of the filter bank are defined in Hz,
as is the sampling frequency Fs. The function B(f)—defined in Equation (2.4)—above
converts a frequency value in Hz, f , to the equivalent value on the mel scale. The function
B−1(q) performs the inverse operation, converting a mel scale value, q, to Hertz as follows:
B−1(q) = 700
(
e(q/1125) − 1
)
. (5.6)
Following this the logarithm of the output of the mel filter, m = 1, 2, . . . ,M , is com-
puted as
S(m) = log
(
N−1∑
ω=0
|X(ω)|2Hm(ω)
)
. (5.7)
The purpose of this logarithm is to, theoretically, make the vocal tract and glottal excita-
tion components of the speech signal, as discussed in Chapter 2, linearly separable. The
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discrete cosine transform (DCT)4 is then applied to the M log-filter outputs to produce
the mel cepstrum,
MFCC(ω) =
M−1∑
m=0
S(m) cos
(
π
M
(
m+
1
2
)
ω
)
ω = 0, 1, . . . ,M − 1 . (5.8)
In this representation the slowly varying vocal tract contribution is represented in the
low quefrency range, the lower coefficients, whereas the more rapidly varying excitation
component occupies the higher quefrency range, the higher coefficients. Generally the
first 12–20 coefficients are retained and the remainder discarded, as the higher coefficients
contain little relevant information.
The DCT can be viewed as a form of dimensionality reduction5 as it results in most
of the information being contained in the first few mel cepstrum coefficients. In fact, the
DCT is an approximation of PCA (or KLT), discussed in Section 4.3.1. Stated informally,
a DCT uses a sum of orthogonal cosine basis functions to approximate a series of data
points. A DCT differs from PCA in that it uses a set of fixed basis vectors, whereas
the basis vectors used in PCA—the eigenvalues of the data covariance matrix—are data
dependent. The equation for the DCT basis vectors is provided in Equation (5.8). The
DCT is widely used for lossy compression of images and signals as most of the significant
information is found in the first few components of the DCT. While PCA is the optimal
linear transform for mapping from a high-dimensional space into a lower dimensional space,
the DCT has been shown to be equivalent to PCA for certain types of data (Hamidi and
Pearl, 1976).
5.3.2 Modified group delay features
Spectral features parametrising speech are conventionally extracted from the magnitude
spectrum, derived from the STFT of the speech signal, such as those described in the
previous section. The phase spectrum also resulting from the STFT is conventionally
ignored due to the common belief that the phase spectrum does not play a significant part
4Here the DCT is equivalent to an inverse discrete Fourier transform as S(m) is real and symmetric.
5In this case the DCT is in effect reducing the dimensionality of the mel cepstrum of a single frame
of speech. This differs greatly to the dimensionality reduction experiments performed in Chapters 6 and
7. The aim of these experiments is to reduce the dimensionality of a ‘speech space’ containing a large
number of frames of speech, individually represented by MFCCs or MODGDFs, in order to study the
space’s intrinsic dimensionality.
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in human auditory perception over the short time frames used in STFT analysis. However,
a number of recently performed studies have shown that the short-time phase spectrum
is useful in human speech perception (Paliwal and Alsteris, 2005) and ASR (Bozkurt and
Couvreur, 2005).
It is, however, difficult to extract useful features from the STFT phase spectrum due
to problems with phase unwrapping and zeros of the signal’s z-transform close to the unit
circle (Yegnanarayana and Murthy, 1992). The group delay function (GDF) (Oppenheim
and Schafer, 1975) has been used to represent the phase spectrum in a number of speech
processing applications in the past (Yegnanarayana and Murthy, 1992). However, the
spiky nature of the GDF and the fact that it can become undefined due to zeros of the
z-transform of the signal that are close to the unit circle—caused by windowing effects,
pitch epochs, and noise (Yegnanarayana and Murthy, 1992; Murthy and Gadde, 2003)—
make it problematic in speech applications. In answer to these issues Murthy and Gadde
(2003) proposed a feature set, MODGDF, derived from a modified version of the group
delay function. This modification suppresses zeros of the z-transform of the signal that
are close to the unit circle and cause the group delay function to become undefined.
Computation of modified group delay features
The GDF is the negative derivative of the phase spectrum, θ(ω), with respect to frequency,
ω:
τ(ω) = −d(θ(ω))
dω
. (5.9)
The GDF can be computed from the speech signal x as follows (Oppenheim and Schafer,
1975):
τ(ω) =
XR(ω)YR(ω) + YI(ω)XI(ω)
|X(ω)|2 , (5.10)
where X(ω) and Y (ω) denote the Fourier transforms of x(n) and nx(n), respectively. The
real and imaginary parts of the Fourier transform are indicated by the subscripts R and
I.
As mentioned previously, the GDF is undefined when the roots of the signal’s z-
transform are close to the unit circle. The modified group delay function (MGDF) (Murthy
and Gadde, 2003) overcomes this problem by substituting S(ω), a cepstrally smoothed
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version of the spectrum |X(ω)|, in place of the same:
τ˜(ω) =
XR(ω)YR(ω) + YI(ω)XI(ω)
S(ω)2
. (5.11)
A further two parameters, α and γ, were introduced by Murthy and Gadde (2003) to
reduce the spiky nature of the formant peaks, relative to the magnitude spectrum, giving
the final MGDF definition:
τ˜α,γ(ω) =
τ˜γ(ω)
|τ˜γ(ω)| |τ˜γ(ω)|
α , (5.12)
where
τ˜γ(ω) =
XR(ω)YR(ω) + YI(ω)XI(ω)
S(ω)2γ
. (5.13)
In all the MGDF computations in this study the parameters are set as α = 0.4 and
γ = 0.9. A lifter window of length 8 is used for cepstral smoothing. Details of these values
are discussed further by Hegde et al. (2007b).
A comparison of the magnitude spectrum, GDF, and MGDF for a single frame of
speech is shown in Figure 5.5. Figure 5.5(a) shows the time domain representation of
the speech frame, extracted from an /i/ vowel. The magnitude spectrum is provided
in Figure 5.5(b). Figures 5.5(c) and 5.5(d) show the GDF and MGDF representations,
respectively, which show the time-domain delay, in samples, for each frequency component
of the signal. As discussed above, zeros of the signals z-transform which are close to the
unit circle manifest themselves as spikes in the signal’s GDF. These zeros are principally
caused by the source signal and not the vocal tract. The ‘modifications’ of the MGDF,
discussed above, suppress these spikes allowing more accurate estimation of the vocal
tract configuration. It can be seen that the magnitude spectrum and MGDF capture
similar information with peaks in the spectral envelope evident at locations corresponding
to the typical formant frequencies, whereas the GDF does not. This clearly shows the
improvement offered by the MGDF over the GDF. The difference in the vertical scale of
the GDF and MGDF representations is due in part to the MGDF’s cepstral smoothing
removing large spikes from the GDF and also due to the α parameter in the MGDF which
is a compression factor. However, this difference is unimportant in this case as we are
concerned with the features in the plots.
80
0 0.002 0.004 0.006 0.008 0.01 0.012 0.014 0.016 0.018 0.02−1
−0.5
0
0.5
1
Time (s)
Am
pl
itu
de
(a) Time domain signal
0 500 1000 1500 2000 2500 3000 3500 4000
−60
−40
−20
0
20
Frequency (Hz)
Po
w
er
 (d
B)
(b) Power spectrum
0 500 1000 1500 2000 2500 3000 3500 4000
0
100
200
300
400
Frequency (Hz)
G
DF
 (s
am
ple
s)
(c) Group delay function
0 500 1000 1500 2000 2500 3000 3500 4000
0
5
10
15
20
25
Frequency (Hz)
M
G
DF
 (s
am
ple
s)
(d) Modified group delay function
Figure 5.5: Comparison of magnitude and phase spectrum representations of a frame of
speech taken from an /i/ vowel sound.
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To produce a feature set more suitable for applications such as speech recognition
cepstral coefficients can be computed from the MGDF using a DCT, in a similar manner
to the conventional MFCC computation. These features, MODGDF, are computed as
MODGDF(ω) =
N−1∑
n=0
τ˜α,γ(n) cos
(
π
N
(
n+
1
2
)
ω
)
ω = 0, 1, . . . , N − 1 . (5.14)
5.3.3 Dynamic features
As previously described we, as is conventional, assume the speech signal is stationary over
short-time periods and extract features from windows of length 20–40ms. However, these
static features do not encode the time-varying information contained within the speech
signal. As a result, time derivatives, also known as delta features, are commonly appended
to the static features in order to encode information about the spectral changes occurring
between windows of speech. The delta of the nth feature coefficient at time t, ∆n,t, is
computed as follows (Young et al., 2000)
∆n,t =
∑Θ
θ=1(θcn,t+θ − θcn,t−θ)
2
∑Θ
θ=1 θ
2
, n = 0, 1, . . . , D (5.15)
where cn,t+θ and cn,t−θ are the corresponding static coefficients. The parameter Θ controls
number of windows, forward and backward in time, over which the deltas are computed.
The value Θ = 2 is used to compute deltas in the experiments presented in this dissertation.
5.4 Application of dimensionality reduction methods
At this point in the description of our framework we have a means of preprocessing selected
speech signals and producing feature vectors representing the individual frames of the
chosen speech signals. These feature vectors
c = [c0, c1, c2, . . . , cD]
′ , (5.16)
are D-dimensional; that is, in the case of MFCC and MODGDF, the number of DCT
coefficients retained is equal to D. For a particular set of speech signals the N associated
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extracted feature vectors are concatenated to form an N ×D matrix
X = [c1, c2, . . . , cN ]
′ , (5.17)
where N is the number of speech frames, and hence also the number of feature vectors.
This matrix X may then be used as input to dimensionality reduction methods which
output the N × d matrix Y consisting of the d-dimensional embeddings, where d < D,
of the N original speech feature vectors. The parameters of the dimensionality reduction
methods are discussed in the following sections.
5.4.1 Choice of d
The target dimensionality, d, is a parameter of each of the four dimensionality reduction
methods discussed in Chapter 4. Traditionally the choice of d is influenced by two factors.
Firstly, if one has some knowledge of the inherent dimensionality of the data set to be
reduced, d can be set equal to that inherent dimensionality. The inherent dimensionality
may have been estimated using some mathematical method, several of these methods are
touched upon in Chapter 3. Alternatively, the inherent dimensionality of the data set
may be determined based on knowledge of the data set. For example, if a data set were
to contain measurements made of the movements of a mechanical arm one knew to have
only two-degrees of freedom, a value of d = 2 may be appropriate.
Secondly, the choice of d may be influenced by the desired application. For example,
if the dimensionality of a data set were being reduced to allow visualisation of the data
then a value 0 < d < 4 would be required. Likewise, if the data set were being reduced
for the purpose of data compression, perhaps prior to transmission across a channel with
limited bandwidth, the value of d would need to be set to ensure the required compression
rate was achieved.
In our case we wish to make no assumption of the inherent dimensionality of speech
and do not wish to rely on an inherent dimensionality estimation method. Thus, our
choice of d is influenced solely by the intended applications, namely visualisation and
pattern classification. For the visualisation experiments d is chosen as one, two, or three
depending on the quality of the visualisation at each dimensionality. In the case of pattern
classification, the experiments are designed to evaluate the amount of discriminative infor-
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(a) Short-circuit (b) Geodesic
Figure 5.6: An example of short-circuiting. (a) If the number of nearest neighbours is
too great, neighbours may be chosen which appear to be close, in terms of Euclidean
distance, as shown by the dashed line; (b) but the ‘neighbours’ may be a large distance
away geodesically, as shown by the solid line.
mation encoded in particular low-dimensional embeddings. The aim of these experiments
is to compare the effectiveness of the different dimensionality reduction methods and also
to contrast the amount of information encoded at varying dimensionalities. As a result,
we require that embeddings be produced for a range of different dimensionalities from one
up to the original feature vector dimensionality, 0 < d ≤ D. This allows the amount of
discriminative information added as dimensionality increases to be analysed.
5.4.2 Choice of k
The second parameter is the number of nearest neighbours, k, to be used in the nonlinear
dimensionality reduction algorithms: LLE, Laplacian eigenmaps, and Isomap. The sensi-
tivity of these methods to the choice of k has been shown in a range of previous studies and
thus it is important to choose an appropriate k value to ensure successful dimensionality
reduction (Balasubramanian et al., 2002). The importance of choosing a suitable value
for k is demonstrated in Figure 4.13, which compares the performance of each manifold
learning method using various numbers of nearest neighbours. The number of nearest
neighbours chosen must be large enough to detect the global structure of the data and
avoid fragmenting the data into disjointed patches. However, if too many nearest neigh-
bours are chosen the problem of short-circuiting may arise. Short-circuiting can cause
the manifold learning algorithms to misinterpret the topological structure of the data and
result in poor embeddings. An example of short-circuiting is shown in Figure 5.6.
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However, determining a suitable value for k for a given data set and given method
is currently an open problem. Several methods have been proposed that attempt to
select the ‘optimal’ k value. These methods compute a measure of the quality of the
low-dimensional embedding and select the k value that results in the best quality low-
dimensional embedding, in relation to the measure. Kouropteva et al. (2002) propose one
such method for choosing the number of nearest neighbours for use with the LLE algorithm.
This method uses ‘residual variance’ (Roweis and Saul, 2000) as a measure of the quality
of the embedding space. This approach has been extended by Samko et al. (2006) for
selection of the ‘optimal’ parameter value for the Isomap algorithm. Also, Shao et al.
(2007) and Shao (2008) describe methods to help choose a suitable neighbourhood size for
Isomap based on the presence of short-circuits, which indicate a poor quality embedding.
However, these approaches are relatively new and have not been applied, or proven to be
useful, in a wide range of applications; aside from the limited testing performed in the
original studies. Also, we are unaware of any such approaches for optimally determining
the k value to use with the Laplacian eigenmaps technique. As a result, we have chosen
to select the value of k empirically to ensure the manner in which the number of nearest
neighbours is chosen is consistent for all of the nonlinear dimensionality reduction methods
used. This empirical selection approach has been used in a number of other studies (van der
Maaten et al., 2009).
To select the number of nearest neighbours, k, parameter for a particular nonlinear
dimensionality reduction algorithm to be applied to a specific data set, the following
procedure was used. The algorithm was run on the data set repeatedly, with a different
value of k used on each run. The k values were constrained to the range 2 ≤ k ≤ 30;
this range was selected following initial exploratory experiments and is consistent with
previous studies (van der Maaten et al., 2009). A different low-dimensional embedding
was produced for each run. Each of these embeddings was then evaluated and the k
value resulting in the best performing embedding was selected as optimal. The evaluation
procedure used to determine the ‘best performing’ embedding varied depending on the
desired application, i.e. visualisation or classification. These evaluation procedures are
described in the following section.
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5.5 Evaluation
There are two main aims of the evaluation component of this framework. Firstly, we wish
to measure and compare the performance of the four dimensionality reduction algorithms.
Secondly, as we are interested in investigating the underlying structure of speech data,
we wish to examine the information retained in feature spaces of various dimensionalities
in an effort to determine if speech data has a particular inherent dimensionality or low-
dimensional structure.
To achieve both of these aims we require a means of assessing the quality of the
low-dimensional embeddings resulting from the application of dimensionality reduction
algorithms to high-dimensional features extracted from speech data. The quality of the
embedding is characterised by the amount of ‘meaningful information’ retained after di-
mensionality reduction. The means by which the amount of ‘meaningful information’
present in the low-dimensional embeddings is assessed are detailed in the following sec-
tions.
5.5.1 Visualisation
One approach used within this framework to assess the quality of the low-dimensional em-
beddings is data visualisation. This involves producing one-, two-, or three-dimensional
embeddings, as appropriate, and examining them to determine, subjectively, if any mean-
ingful structure is present. As the data concerned is speech, several key sources of informa-
tion within the speech signal are investigated, including: speaker characteristics, prosodic
information, and phone specific information such as formant values.
Visualisations resulting from dimensionality reduction of speech data are discussed
further in relation to the experiments described in Chapters 6 and 7.
5.5.2 Classification
While conducting a visual evaluation of the data may allow one to subjectively judge the
quality of a low-dimensional embedding and reveal interesting patterns it is desirable to
have a means of objectively measuring the quality of low-dimensional embeddings. In
order to accomplish this we propose performing a number of pattern classification exper-
iments. Assuming that the original feature vectors have been sampled from a discrete
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number of classes—for example, phones—some pattern classifier can be trained on a sub-
set of the, labelled, feature vectors. The remaining feature vectors can thus be used as
unseen, unlabelled test samples that are assigned to a particular class by the trained
classifier. The percentage of feature vectors assigned to the correct class, which we will
refer to as the ‘classification rate’, provides a measure of the amount of discriminative
information encoded by the feature vectors. If the feature vectors in question are the
output of a dimensionality reduction method then this classification rate is a measure of
the discriminative information retained by the dimensionality reduction method.
We propose to use the classification accuracy in order to compare the performance
of the dimensionality reduction methods. If, for a particular classification task, the two-
dimensional features produced by one dimensionality reduction algorithm yield a higher
classification accuracy than features of equal dimensionality produced by a second al-
gorithm, the former can be said to outperform the latter, producing a higher quality
embedding for that particular classification task. The classification tasks performed, as
detailed in Chapters 6 and 7, are designed to examine each algorithm’s ability to retain
several different, important sources of information within speech signals. Two types of
classification task are used in this work: phone classification and speaker identification.
In all classification experiments we have performed nonlinear dimensionality reduction
on a data set containing both the training and testing data. This removes the need for out-
of-sample extensions to the nonlinear dimensionality reduction algorithms, as discussed in
Section 4.3.4.
Phone classification
The objective of the phone classification experiments discussed in this dissertation is to
evaluate how well different phones, and different classes of phones, are separated in the
low-dimensional feature spaces output by the various dimensionality reduction methods.
It should be noted that these speech classification, or recognition, experiments are not
intended to rival current sophisticated state-of-the-art ASR approaches. Such approaches
typically utilise sources of information outside that encoded within the speech feature
vector; for example, language models that incorporate information about the probability
of particular sequences of word, phone, or sub-phone units (Young, 1996; Young et al.,
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2000). In our approach we are concerned only with the information encoded within the
features resulting from dimensionality reduction and thus do not use any additional, e.g.
contextual, information. This also influences the choice of classifier as we desire an algo-
rithm which simply makes the best classification decision possible for each feature vector
based on the information within the feature space.
In order to select an appropriate classifier a number of common classification algorithms
were initially tested in baseline phone classification experiments. These classifiers included:
• Euclidean distance based linear discriminant function (LDF) where each class is
modelled by a multivariate normal density and the covariance is estimated across all
classes (Duda et al., 2000),
• K-nearest neighbour (K-NN) estimation (Duda et al., 2000),
• Gaussian mixture models6 (GMM) (Duda et al., 2000),
• Support vector machines6 (Vapnik, 1995; Scho¨lkopf and Smola, 2002) with:
– Linear kernel,
– Polynomial kernel,
– Radial basis function kernel.
Each classifier was tested in three different classification tasks. These tasks involved
assigning 13-dimensional MFCC feature vectors, extracted from particular phones from
the TIMIT speech corpus, to their correct class. The tasks involved the following classes:
Task 1 Five vowels: /A/, /i/, /u/, /E/, and /æ/.
Task 2 Ten vowels: /A/, /i/, /u/, /E/, /æ/, /2/, /@/, /O/, /I/, and /o/.
Task 3 Five phone classes: vowels (listed above), fricatives (/s/, /S/), stops (/p/, /t/,
and /k/), nasals (/m/, /n/) and, semivowels and glides (/l/, /y/).
IPA phone symbols are used above, for more details see Table 2.1. A more detailed de-
scription of the data and methodology is provided in Section 7.4. These three classification
tasks were chosen to provide a thorough test of both vowel and non-vowel sounds.
6Appendix A presents further discussion of the GMM and SVM classifiers.
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Number of Centres
Task 1 2 4 8 16 32 64
Five Vowel 67.200 68.246 67.908 67.969 65.938 65.653 65.510
Ten Vowel 48.692 49.877 48.400 46.338 44.295 42.811 42.716
Phone Class 42.231 42.505 42.231 40.659 40.703 39.978 40.076
Table 5.1: Mean classification rates (%) achieved using GMM classifiers with various
numbers of centres. Mean classification rates for each of the three classification tasks are
shown. Bold values indicate the maximum mean classification rate achieved in each task.
A number of the classifiers listed above have parameters which must be assigned appro-
priate values. In the case of the GMM-based classifier the number, Q, of mixture centres
(normal distributions) to be used in the mixture must be chosen appropriately. We tested
GMM classifiers with Q = 1, 2, 4, 8, 16, 32, 64 on each classification task. The mean classi-
fication rates for all dimensionalities d = 1, . . . , D achieved for each Q value are shown in
Table 5.1. Examining Table 5.1, one can observe that the best mean classification rate is
achieved for Q = 2 in all three classification tasks. For GMM classifiers where Q > 2 mean
classification rate can be seen to decrease as Q increases. This is somewhat unexpected
as increasing the number of mixture centres typically results in more accurate modelling
of the probability densities, however this may be due to the GMMs overfitting the data
as Q increases. As a result, a GMM classifer with Q = 2 mixture centres was used in the
classifier comparison experiment detailed below.
TheK-NN classification algorithm also has one parameter, namely the number of near-
est neighbours, K, to use. We tested nearest neighbour classifiers with K = 1, . . . , 50. The
results are presented in Figure 5.7. It can be seen that the mean classification rate in each
task generally increases with increasing K until the addition of further nearest neighbours
no longer significantly improves performance. The K values resulting in the highest mean
classification rate for each task were used in the classifier comparison experiment detailed
below; i.e. for five vowel classification K = 32, for ten vowel classification K = 47, and
for phone class classification K = 26.
It is also necessary to choose an appropriate kernel function to be used in the SVM
classifier. In order to select an effective kernel, different SVM models using linear (5.18),
polynomial (5.19), and radial basis function (RBF) (5.20) kernels were evaluated in a
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Figure 5.7: Mean classification rate vs. number of neighbours used in K-NN classification.
Mean classification rates for each of the three classification tasks are shown.
number of phone classification tasks. The kernels used are given below (Hsu et al., 2009),
k(xi,xj) = x
′
ixj , (5.18)
k(xi,xj) =
(
1
d
x′ixj
)3
, (5.19)
k(xi,xj) = exp
(
−1
d
‖xi − xj‖2
)
, (5.20)
where xi and xj are feature vectors and d the feature vector dimensionality. SVM is a
binary pattern classification algorithm. For our experiments it is necessary to construct
a multiclass classifier. This was achieved using a one-against-one training scheme, train-
ing one classifier for every possible pair of classes. The final classification results were
determined by majority voting (Scho¨lkopf and Smola, 2002).
The results of the classifier comparison experiments are shown in Figure 5.8 and Ta-
ble 5.2. The dimensionality of the feature vectors used in the experiment vary from 1 to
13—the original, full dimensionality. This results in 13 different classification rates for
each classifier. Figure 5.8 shows the classification rate vs. feature dimension for each type
of classifier in each classification task. In the classification tasks, the classification rate
was found to increase with dimension, this is to be expected as adding more information
should improve the classifiers ability to assign a feature vector to the correct class. How-
ever, it can be seen that the amount by which the classification rate improves, from one
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Classifier
Task LDF SVM-Linear SVM-Polynomial SVM-RBF K-NN GMM
Five Vowel 67.169 67.754 67.631 69.323 67.508 68.246
Ten Vowel 48.738 49.092 50.046 51.031 50.446 49.877
Phone Class 64.396 69.560 73.176 74.165 73.890 42.505
Mean 60.101 62.136 63.618 64.840 63.948 53.543
Table 5.2: Mean classification rate (%) for each type of classifier. Mean classification rates
for each of the classification tasks and the mean over all three tasks are shown. Bold values
indicate the maximum mean classification rate achieved in each task.
dimensionality to the next, decreases as the dimensionality is increased. This is due to
the fact that the MFCC feature vectors are the result of a DCT which has the effect of
ordering the coefficients in decreasing order of importance. Thus, the higher numbered
MFCC coefficients contain less discriminatory information than the lower numbered co-
efficients. Examining the results of the vowel classification tasks, Figures 5.8(a)–(b), one
can also observe that the overall performance of the six classifiers does not differ consid-
erably. However, viewing the phone class classification results, Figure 5.8(c), one can see
that the differences in performance between the different classifiers is more pronounced.
In particular the GMM classifier performs poorly on the phone class classification task.
This suggests that the GMM is unable to model the probability density of the phone class
data, this may be due to high level of variation in this data set.
In order to assess the overall performance of the classifiers the mean classification rates,
for all feature dimensionalities, were computed and are presented in Table 5.2. The SVM
classifier with RBF kernel (5.20) was found to outperform all other classifiers in terms
of mean classification rate in all three phone classification tasks. As a result, the SVM
classifier with RBF kernel was used in all phone classification experiments conducted in
this dissertation. However, one can observe that a range of different classifiers were found
to produce similar classification performance and as such the choice of this particular
classifier is relatively insignificant.
Speaker identification
In addition to examining the ability of various dimensionality reduction methods to retain
information useful for phone classification performance, we propose evaluating the ability
of these methods to produce low-dimensional features that preserve information capable
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Figure 5.8: Classification rate vs. feature dimensionality for each type of classifier.
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of discriminating between different speakers. This can be accomplished by performing a
number of speaker identification experiments.
Speaker identification is the task of automatically identifying which one of a set of
known speakers produced a test speech utterance. A speaker identification system may
be text-dependent (constrained phrase) or text-independent (any phrase). This may be
viewed as a pattern classification problem and divided into two distinct steps: feature
extraction and classification. To achieve a high degree of accuracy in this task it is impor-
tant to choose a feature space in which individual speakers are well separated and easily
distinguished from one another. A wide range of features have been used in speaker identi-
fication in the past, with MFCCs being the most popular and widely used feature. MFCCs
are not specifically designed to parametrise speaker discriminative information, although
they do implicitly contain information relating to a speakers physiology, including vocal
tract and some glottal source information.
Following feature extraction it is desirable to transform the features into a relatively
low-dimensional feature space while preserving information relevant to the speaker iden-
tification task. This allows simple measures of similarity to be applied to compare points
within the transformed feature space. This dimensionality reduction also reduces the com-
putational complexity and storage requirements involved in classifier training and testing.
A number of linear dimensionality reduction methods have been successfully applied to
speaker recognition in the past including LDA (Jin and Waibel, 2000), independent com-
ponent analysis (Jang et al., 2001) and PCA (de Lima et al., 2002). These methods are
limited to performing linear transformations of the data.
Due to unique physiologies and speaking styles different speakers produce sounds occu-
pying distinct, possibly overlapping, submanifolds in acoustic space. In this dissertation
we apply PCA and the manifold learning algorithm L-Isomap to speech data from a
number of different speakers in an effort to produce low-dimensional features containing
information relevant to speaker identity while discarding redundant information. The mo-
tivations for using L-Isomap as the sole nonlinear method are discussed in Section 7.6.
The performance of the resulting features is compared with conventional MFCCs in a
text-independent speaker identification task.
As we are concerned with examining the speaker discriminatory properties of a number
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of different feature types we used a basic speaker identification system. The experimental
setup we have used is based on that described by Reynolds (1995a). It lacks several
features of a state-of-the-art speaker identification system, such as a universal background
model (Reynolds, 2002), however it has been shown to be capable of accurate speaker
identification. Further details of the experimental setup are described in Section 7.6.
5.6 Summary
The procedure described in the preceding sections provides a framework for applying
dimensionality reduction methods to chosen sets of speech signals and evaluating the
performance of each method. This framework allows the computation of two types of high-
dimensional speech feature space, the magnitude spectrum derived MFCC space and the
phase spectrum derived MODGDF space. Following the application of the dimensionality
reduction methods to either of these speech feature spaces two types of evaluation may
be performed: visualisation and classification. In the Chapters 6 and 7 this framework is
applied to both synthetic and natural speech corpora in a number of different experiments.
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Chapter 6
Experiments on Synthetic Speech
Data
This chapter describes a number of experiments in which the framework described in
Chapter 5 is applied to synthetic speech signals. Firstly, the motivations for using synthetic
speech are put forward. Following this, the method used to generate synthetic speech is
described. Visualisation and phone classification experiments and their results are then
discussed. Finally, the conclusions drawn from these experiments are proffered.
6.1 Introduction
In Chapter 4 the dimensionality reduction methods PCA, Isomap, LLE, and Laplacian
eigenmaps are applied to a number of non-speech data sets and their ability to produce
meaningful low-dimensional representations is demonstrated. In order to evaluate the
usefulness of these methods in speech processing applications we first created a number
of synthetic speech signals to be analysed using our proposed framework. Using synthetic
speech data facilitates the analysis of signals with known and controllable characteristics.
Thus, after applying dimensionality reduction methods to these synthetic sounds we can
examine the resulting lower-dimensional data set to determine the degree to which these
characteristics have been retained.
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LF Parameter Male
T 10.0ms
tp 4.1ms
te 5.5ms
ta 0.1ms
tc 5.8ms
Ee −1
Table 6.1: LF parameter values used for the glottal flow derivative waveform used as
excitation for synthetic speech.
6.2 Synthetic speech generation
The speech synthesis technique used in this dissertation is similar to that described by
McKenna (2004), who adapted a technique first proposed by d’Alessandro et al. (1998).
Synthetic speech was generated by exciting an LP-modelled filter with an artificially gen-
erated excitation signal. The excitation signal was generated using an LF-modelled glottal
pulse train (Fant et al., 1985). The LF model for the glottal flow derivative waveform and
its parameters1 are shown in Figure 6.1. The start of the open phase, and end of the pre-
vious closed phase, is t0. The parameter tp is the instant of maximum airflow. The start
time of the return phase is indicated as te; the parameter Ee accounts for the amplitude
of the main glottal excitation. The end time of the return phase, full closure of the glottis,
is indicated as tc. The parameter ta measures the abruptness of glottal closure; it is the
time from the starting point of the return phase, te, to the point where a tangent to the
exponential at t = te hits the zero axis. The length of a single pitch period is T , allowing
the glottis to remain closed for a period after the glottal pulse. The LF parameter values
used in the synthetic speech generated for this study correspond to those suggested for
modal speech by Childers (1999). These parameter values are stated in Table 6.1.
This excitation signal was then applied to a set of 10 linear prediction coefficients
representing five formants to produce a synthetic speech signal. The formant values used
varied depending on the required experiment, as detailed in the following sections.
1The LF-model, as originally described by Fant et al. (1985), requires only four parameters to uniquely
describe the shape of the glottal flow: tp, te, ta, and Ee. The additional parameters—T , tc, and t0—
describe the timing of the glottal flow components, and are necessary for synthesis. The reader is referred
to Fant et al. (1985) and Gobl (2003) for further details of the voice source and LF model.
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Figure 6.1: LF model for the glottal flow derivative waveform.
6.3 Visualisation
6.3.1 Introduction
The initial experiment conducted on synthetic speech aimed to visually examine the ability
of each dimensionality reduction method to discover low-dimensional variation known to
be present in a speech signal. A number of synthetic speech signals were generated in
which important components of the speech signal were varied from the signal start to end.
The purpose of introducing this variation is to determine if the dimensionality reduction
methods can retain these important sources of variation in a lower-dimensional embedding
of the signal while discarding less relevant information. The three components varied
included: the first and second formants (F1 and F2) and fundamental frequency (f0).
These are three of the primary sources of information within a speech signal.
6.3.2 Data
Four types of synthetic speech signals were generated, they are described as follows:
• Varying F1: Initial F1 frequency of 300 Hz, increasing in equal sized increments
reaching 700 Hz at the signal end. The other four formants were kept constant from
beginning to end. This resulted in a synthetic speech signal moving, approximately,
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from an /u/ to an /A/ sound in vowel space (see Figure 3.2). The fundamental
frequency was set at 100 Hz (T = 10.0ms) for the duration, as in Table 6.1.
• Varying F2: Initial F2 frequency of 1000 Hz, increasing in equal sized increments
reaching 2200 Hz at the signal end. The other four formants were kept constant from
beginning to end. This resulted in a synthetic speech signal moving, approximately,
from an /u/ to an /i/ in vowel space (see Figure 3.2). The fundamental frequency
was set at 100 Hz (T = 10.0ms) for the duration, as in Table 6.1.
• Varying F1 and F2: Initial F1 frequency of 300 Hz, increasing in equal sized incre-
ments reaching 700 Hz at the signal end. Initial F2 frequency of 1000 Hz, increasing
in equal sized increments reaching 2200 Hz at the signal end. The other three for-
mants were kept constant from beginning to end. This resulted in a synthetic speech
signal moving, approximately, from an /u/ to an /æ/ in vowel space (see Figure 3.2).
As above, f0 was maintained at 100 Hz.
• Varying f0: The fundamental frequency was increased, in equal increments, from
80 Hz (T = 12.5ms) at the signal start to 250 Hz (T = 4.0ms) at the signal end, all
other LF model parameters were as described in Table 6.1. Formant values were set
equal to the start state of the above three signals.
Each synthetic speech signal was generated with a sampling frequency of 16 kHz and
was 2 s in duration. The start and end values of the formant trajectories for the synthetic
speech signals described above are summarised in Table 6.2. The equivalent formant band-
widths used for all synthesised speech are given in Table 6.3. Spectrograms of the three
speech signals in which the formant values are varied are shown in Figures 6.2(a), 6.3(a),
and 6.4(a); formant trajectories are overlaid on each. Also, displayed in Figure 6.5(a) is
the time domain representation of the first and last 40ms of the speech signal in which f0
is varied.
6.3.3 Experiments
Each of the four artificially generated speech signals described above were analysed using
the framework detailed in Chapter 5. The speech signals were first preemphasised, with
p = 0.98, and following this 13-dimensional MFCC feature vectors were computed from
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F1 varied F2 varied F1 & F2 varied
Formant Start End Start End Start End
F1 300Hz 700Hz 300Hz 300Hz 300Hz 700Hz
F2 1000Hz 1000Hz 1000Hz 2200Hz 1000Hz 2200Hz
F3 2400Hz 2400Hz 2400Hz 2400Hz 2400Hz 2400Hz
F4 3500Hz 3500Hz 3500Hz 3500Hz 3500Hz 3500Hz
F5 5000Hz 5000Hz 5000Hz 5000Hz 5000Hz 5000Hz
Table 6.2: Start and end values of the formant frequency trajectories used to generate
synthetic speech sounds. Bold values indicate the formants that vary.
Formant Bandwidth
F1 60Hz
F2 90Hz
F3 150Hz
F4 200Hz
F5 300Hz
Table 6.3: Bandwidths for each formant used to generate synthetic speech sounds.
20ms frames extracted with an overlap of 10ms. This resulted in a data set of N =
199 MFCC feature vectors for each speech signal. Each of these data sets were then
separately provided as input to the dimensionality reduction algorithms Isomap, LLE,
Laplacian eigenmaps, and PCA. The two- and three-dimensional embeddings output by
these methods were then visually inspected to determine if any low-dimensional structure
had been retained.
6.3.4 Results
The visualisation results corresponding to the four synthetic speech signals are shown
in Figures 6.2–6.5. One can observe from Figures 6.2–6.4 that all four dimensionality
reduction techniques successfully discovered the formant variation present in the original
speech signals in the two-dimensional embedding spaces they produced. Notably there is
no clear difference in the clarity or extent to which the different techniques preserved the
formant variation in the low-dimensional space.
It is also apparent, given the low-dimensional embeddings of the speech signal with a
varying f0 trajectory shown in Figure 6.5, that all four dimensionality reduction methods
retained information relating to f0 variation in a low-dimensional space. However, to pro-
vide clear visualisations of the variation in f0, three-dimensional embeddings—rather than
two-dimensional as in the case of formant variation—are required. It can also be seen that
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(a) Spectrogram of a synthetic vowel sound; F1 increases from 300–700 Hz. For-
mant tracks are shown as solid red lines.
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Figure 6.2: Two-dimensional embeddings produced by applying dimensionality reduction
methods to synthetic speech with varying F1.
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Figure 6.3: Two-dimensional embeddings produced by applying dimensionality reduction
methods to synthetic speech with varying F2.
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Figure 6.4: Two dimensional embeddings produced by applying dimensionality reduction
methods to synthetic speech with varying F1 and F2. For associated colour bars see
Figures 6.2(b) and 6.3(b).
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the variation in pitch is less well defined and separated than the formant variation shown
in the previous figures. This indicates that more dimensions are required to accurately
retain information relating to pitch variation than formant variation.
6.4 Classification of synthetic vowels
6.4.1 Introduction
The previous section provides a subjective, visualisation-based, assessment of the different
dimensionality reduction methods’ ability to produce meaningful low-dimensional repre-
sentations of speech data. In this section we examine the ability of the dimensionality
reduction methods to produce low-dimensional representations of speech data suitable for
phone classification tasks. Again, the motivation to work with synthetic speech data is to
facilitate control of the degrees of variation in the speech data.
6.4.2 Data
The synthetic speech generation procedure described above in Section 6.2 allows the syn-
thesis of arbitrary vowel sounds. In this, second, experiment we performed the phone
classification tasks 1 and 2 described in our proposed framework, Section 5.5.2, using
synthetic vowels. Thus, we required the ability to generate ten different vowel sounds.
The vowels used, and frequencies of the first three formants for each vowel, based on
those presented by Peterson and Barney (1952), are listed in Table 6.4. The fourth and
fifth formants were kept fixed, as in Table 6.2, and the formant bandwidths used for all
synthesised vowels are shown in Table 6.3.
The classification of such well defined, noise free, spectrally consistent synthetic vowels
would be a relatively simple task and would not reflect the difficulties associated with the
classification of natural vowel sounds. In natural speech the formant values associated
with vowel sounds, as listed in Table 6.4, are simply targets which the speaker attempts
to reach but may in reality undershoot or overshoot due to factors such as coarticulation.
As a result, we generated a set of synthetic vowel sounds in which the formant values
where not fixed but varied slightly from one utterance to the next. This was accomplished
by sampling the formant values from Gaussian distributions with means as indicated in
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Figure 6.5: Three-dimensional embeddings produced by applying dimensionality reduction
methods to synthetic speech with varying f0.
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Vowel F1 F2 F3
/A/ 730Hz 1090Hz 2440Hz
/i/ 270Hz 2290Hz 3010Hz
/u/ 300Hz 870Hz 2240Hz
/E/ 530Hz 1840Hz 2480Hz
/2/ 640Hz 1190Hz 2390Hz
/I/ 390Hz 1990Hz 2550Hz
/@/ 500Hz 1000Hz 2100Hz
/o/ 450Hz 1090Hz 2300Hz
/O/ 570Hz 840Hz 2410Hz
/æ/ 660Hz 1720Hz 2410Hz
Table 6.4: Formant frequencies used for vowel synthesis.
Table 6.4 and with a standard deviation of 50 Hz for F1, 100 Hz for F2, and 250 Hz for
F3. These deviations were chosen to add variation to each formant. The effect of this
formant variation was evaluated in informal listening tests. All of the synthetic vowels
were perceived as being very close to real speech. Also, in the vast majority of cases
the synthetic vowel sounds were perceived as the intended vowel, despite the addition of
formant variation. However, a small number of the synthetic utterances were perceived as
falling somewhere between two vowel sounds, making them difficult to categorise as one
particular phone. These sounds were those generated with formant values in the tails of
the distributions discussed above, e.g. close to 50 Hz of variation in F1.
Furthermore, in addition to the incorporation of formant variation we introduced a
degree of noise corruption to the synthetic vowels in order to better approximate natural
speech conditions. This involved adding a Gaussian white noise component, centred on
the instant of glottal closure of each pitch period, as performed by McKenna (2004) and
d’Alessandro et al. (1998) . Three levels of noise component duration were used: 0% (noise
free), 60%, and 100% of the pitch period. The intensity of the noise used was varied in
four levels, with signal-to-noise ratios (SNR) of: ∞ dB (no added noise), 20 dB, 10 db and
5 dB. Given the various combinations of noise duration and intensity, two separate sets
of noise combinations were used: a low noise set, whose constituent noise duration and
intensity combinations are shown in Table 6.5; and a high noise set, detailed in Table 6.6.
Separate experiments were performed on low and high noise data sets. For each synthetic
vowel generated the type of noise corruption applied was selected at random from the
possible combinations of either the low or high noise set.
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Duration SNR
0% ∞ dB
60% 20 dB
60% 10 dB
100% 20 dB
100% 10 dB
Table 6.5: Low noise set: possible combinations of duration and SNR of the noise compo-
nents added to each pitch period of the synthetic vowel sounds.
Duration SNR
60% 20 dB
60% 10 dB
60% 05 dB
100% 20 dB
100% 10 dB
100% 05 dB
Table 6.6: High noise set: possible combinations of duration and SNR of the noise com-
ponents added to each pitch period of the synthetic vowel sounds.
6.4.3 Experiments
As mentioned above two phone classification tasks were performed on synthetic data:
Task 1 Five vowels: /A/, /i/, /u/, /E/, and /æ/.
Task 2 Ten vowels: /A/, /i/, /u/, /E/, /æ/, /2/, /@/, /O/, /I/, and /o/.
For each task 250 utterances of each vowel were synthesised, with formant and noise
variation, as described above. Each synthesised utterance was 40ms in length. Following
the synthesis of all required vowel utterances, the feature extraction procedure described
in Sections 5.2 and 5.3 was used to produce 13-dimensional MFCC feature vectors from
the preemphasised, p = 0.98, and windowed 40ms utterances.
The resulting feature vectors were concatenated forming an N × D matrix, where
D = 13 and N = 1250 in the five vowel task and N = 2500 in the ten vowel task.
PCA, Isomap, LLE, and Laplacian eigenmaps were individually applied to reduce the
dimensionality of this MFCC data matrix. The target dimensionality of these algorithms
was varied, producing transformed feature vectors of dimensionality d = 1, . . . , D. As
previously indicated in Section 5.4.2, the number of nearest neighbours, k, used in the
manifold learning methods was chosen empirically. The value of k was varied in the range
k = 2, . . . , 30 and the value which produced the highest classification accuracy was chosen
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for each of the manifold learning methods.
Phone classification experiments were performed using five different feature types: the
original MFCC vectors and the features produced by applying PCA, Isomap, LLE, and
Laplacian eigenmaps to the baseline MFCC vectors. For all feature types, a separate
classification experiment, that is training and testing, was performed using feature vectors
of dimensionality d = 1, . . . , D. Thus, the ability of these feature transformation methods
to produce useful low-dimensional features could be evaluated and changes in performance
with varying dimension analysed. The original MFCC vectors served as a baseline, also
varying in dimensionality as detailed above. As discussed in Section 5.5.2, SVM classifiers
with RBF kernels were used in all classification experiments.
For all runs of the phone classification experiments, irrespective of feature type or
dimensionality, the following steps were completed:
1. The feature vectors were partitioned into a training set, containing 200 labelled ut-
terances per phone, and a test set, comprising the remaining 50 unlabelled utterances
per phone.
2. An SVM classifier was trained on the labelled training feature vectors
3. The trained classifier was tested, using a one-against-one scheme followed by majority
voting as discussed in Section 5.5.2, on the unlabelled test feature vectors.
4. The percentage of correctly classified feature vectors, the ‘classification rate’, was
computed using the known vowel classes of the test feature vectors.
6.4.4 Results
The results of the low and high noise synthetic vowel classification experiments are exhib-
ited in Figures 6.6 and 6.7, respectively. The percentage of phones correctly classified is
given on the vertical axis. The horizontal axis represents feature vector dimensionality.
Firstly, it should be noted that the comparative difficulty of each classification task, based
on the maximum classification rate achieved by all feature types, was as expected. Higher
classification rates were found in the five vowel classification task than in the ten vowel
task, due to the increased possibility of phone confusion in the latter task. Also, classifi-
cation rates in the high noise tasks were lower than in the low noise task. These results
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Classification Task Noise set Max. Classification Rate
Five vowel Low 94.4%
Ten vowel Low 80.4%
Five vowel High 70.4%
Ten vowel High 40.4%
Table 6.7: Maximum classification rate achieved in each synthetic vowel classification task.
/A/ /i/ /u/ /E/ /æ/
/A/ 49 0 0 0 1
/i/ 0 50 0 0 0
/u/ 0 0 50 0 0
/E/ 0 0 0 44 6
/æ/ 2 0 0 6 42
Table 6.8: Confusion matrix: Five vowel classification using 13-dimensional MFCCs (low
noise).
are summarised in Table 6.7.
Confusion matrices for the low and high noise synthetic vowel classification experiments
are also provided in Tables 6.8–6.11. These tables display confusion matrices based on
classification using the original 13-dimensional MFCC feature vectors. It can be seen that
the most frequent confusions occurred between phonetically similar vowels, for example
/A/ confused with /æ/, /æ/ with /E/, /A/ with /2/, and /o/ with /u/.
Comparing the performance of the various feature types, the following points can be
observed from the results of Figures 6.6 and 6.7:
• In all four classification experiments, as the dimensionality of the feature vectors is
increased from d = 1, . . . , 4 the classification rate increases sharply. However, from
d = 4, . . . , 13 this increase in classification rate halts. This indicates that the fifth
and higher dimensions do not add significant discriminatory information, suggest-
ing that the inherent dimensionality, as discussed in Section 3.2.2, of the synthetic
/A/ /i/ /u/ /E/ /æ/
/A/ 38 0 4 1 7
/i/ 0 38 10 2 0
/u/ 1 2 47 0 0
/E/ 4 9 3 20 14
/æ/ 13 7 1 12 17
Table 6.9: Confusion matrix: Five vowel classification using 13-dimensional MFCCs (high
noise).
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(b) Ten vowel classification task
Figure 6.6: Results of low noise synthetic vowel classification experiments.
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Figure 6.7: Results of high noise synthetic vowel classification experiments.
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/A/ /i/ /u/ /E/ /æ/ /2/ /@/ /O/ /I/ /o/
/A/ 34 0 0 0 0 14 1 1 0 0
/i/ 0 47 0 0 0 0 0 0 3 0
/u/ 0 0 48 0 0 0 0 0 0 2
/E/ 0 0 0 42 5 1 0 0 2 0
/æ/ 1 0 0 6 41 2 0 0 0 0
/2/ 12 0 0 0 1 30 3 1 0 3
/@/ 0 0 0 0 0 4 27 3 0 16
/O/ 0 0 0 0 0 1 2 45 0 2
/I/ 0 1 0 3 0 0 0 0 46 0
/o/ 0 0 0 0 0 1 9 3 0 37
Table 6.10: Confusion matrix: Ten vowel classification using 13-dimensional MFCCs (low
noise).
/A/ /i/ /u/ /E/ /æ/ /2/ /@/ /O/ /I/ /o/
/A/ 16 0 2 0 3 6 6 12 0 5
/i/ 0 36 9 1 0 0 0 0 3 1
/u/ 0 1 44 0 0 0 1 3 1 0
/E/ 1 6 1 15 11 4 2 1 5 4
/æ/ 9 4 1 9 13 2 3 2 3 4
/2/ 11 0 4 5 1 9 8 8 2 2
/@/ 3 0 16 0 0 3 15 8 0 5
/O/ 6 0 7 0 0 2 8 25 0 2
/I/ 0 16 8 9 0 1 1 0 9 6
/o/ 1 0 18 0 0 3 9 6 3 10
Table 6.11: Confusion matrix: Ten vowel classification using 13-dimensional MFCCs (high
noise).
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speech data analysed may be as low as four. As a comparison, the inherent dimen-
sionality of a teapot rotating about a single axis is one, as described in Section 4.1.
Thus, an estimate of four as the inherent dimensionality of the synthetic vowel data
analysed indicates that the underlying system generating the synthetic speech could
be described using just four parameters. This is consistent with previous studies, a
review of which is provided in Chapter 3.
• Laplacian eigenmaps is something of an exception to the above statement. In Fig-
ure 6.6(b), the performance of Laplacian eigenmaps can be seen to plateau from
dimension 4–6 and again from 7–9. This indicates that a significant amount of dis-
criminatory information is contained in both dimensions 7 and 10. The same is true
of dimensions 5 and 6 in Figure 6.7(b). This indicates that Laplacian eigenmaps
has not successfully compacted the most discriminatory information into the lowest
dimensions, unlike all of the other methods.
• In the majority of cases the dimensionality reduction methods outperformed the
baseline MFCCs in low dimensions, d ≤ 3. We propose that this is evidence of
the dimensionality reduction methods’ ability to reduce the dimensionality of speech
data, discarding unimportant information and retaining meaningful information in
low-dimensional feature spaces.
• Isomap embeddings offered the best classification rate in the majority, 51.92%, of
tests. This figure takes into account all of the individual synthetic classification tests
run. There were 52 (13×2×2) tests run; resulting from all 13 dimensionalities being
tested in both five and ten vowel tests on both high and low noise data. Table 6.12
gives details of the percentage of tests in which each feature type yielded the greatest
performance.
• The performance of the Laplacian eigenmaps algorithm was the most inconsistent
of all the dimensionality reduction methods. The features output by this algorithm
frequently performed worse than the other features, including the baseline MFCCs;
however, Laplacian eigenmaps clearly yielded the best overall performance in the
high noise five vowel classification task.
• Interestingly LLE also performed well in the high noise five vowel classification task
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with an average classification rate second only to Laplacian eigenmaps. In fact, the
two local methods, LLE and Laplacian eigenmaps, offered similar performance in all
four tests.
• While the locality preserving manifold learning methods, Laplacian eigenmaps and
LLE, did not consistently outperform PCA or MFCC, the globally motivated Isomap
did. This suggests that global methods may be more capable of discovering mean-
ingful, phone discriminatory information, than local manifold learning or linear di-
mensionality reduction methods. This may be because globally motivated methods
attempt to preserve the global geometric structure of the underlying manifold, as
discussed in Section 4.3.2. Preserving this structure ensures that points which are
far apart on the manifold in high-dimensional space will also be far apart in low-
dimensional space, and likewise for points which are close together. This is important
for classification tasks as it helps to ensure that the distances between points in low-
dimensional space are a true reflection of the distances between the points on the
data manifold. This helps prevent points which are located a large distance apart on
the manifold being located close together in low dimensional space and incorrectly
classified as being close neighbours.
• Interestingly, in Figure 6.7(b) the two-dimensional embedding space produced by
Isomap provides better classification accuracy than higher-dimensional embeddings
produced by Isomap. This indicates that most of the discriminatory information
is compacted into two dimensions and that further dimensions are effectively noise
that reduces classification accuracy.
• The manifold learning methods performed particularly well in the high noise classi-
fication experiments, offering the best performance overall. This indicates that they
are more capable of extracting discriminatory information than the other methods
in the case of high levels of noise corruptions. This may be due to the manifold
learning methods exploiting nonlinear structure in the data to more efficiently com-
press discriminatory information in the low-dimensional representations output by
the methods.
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Feature Type Yielded Best Performance
Isomap 51.92%
Laplacian eigenmaps 21.15%
LLE 11.54%
PCA 7.69%
MFCC 7.69%
Table 6.12: Percentage of synthetic vowel classification tests in which each feature type
yielded the maximum performance.
6.5 Conclusions
As demonstrated in the visualisation experiments, dimensionality reduction methods are
clearly capable of discovering meaningful low-dimensional representations of synthetic
speech data. Results of synthetic phone classification show that the dimensionality reduc-
tion methods offer improved performance, over baseline MFCCs, in very low dimensions
(d ≤ 3). For higher dimensions the dimensionality reduction methods were, in general,
not found to offer a great improvement over the baseline MFCCs in the case of low noise;
however, in the case of high noise manifold learning methods were found to yield higher
classification rates than MFCCs and PCA-transformed features.
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Chapter 7
Experiments on Natural Speech
Data
The previous chapter describes the application of our proposed framework—including the
PCA, Isomap, LLE, and Laplacian eigenmaps algorithms—to a range of synthetic speech
signals. However, due to the small scale of the synthetic data sets used and idealised
nature of the constituent synthetic speech signals it is difficult to conclusively evaluate
the performance of the various dimensionality reduction algorithms based on these stud-
ies. Therefore, in this chapter we describe a number of studies applying our proposed
framework, detailed in Chapter 5, to speech signals taken from a corpus of natural speech
recordings.
7.1 The TIMIT speech corpus
The speech data used in the studies discussed in this chapter was taken from the TIMIT
corpus (Garofalo et al., 1990). The speech in the corpus was recorded at Texas Instruments
(TI), transcribed at the Massachusetts Institute of Technology (MIT), and produced and
distributed by the National Institute of Standards and Technology. The TIMIT corpus
has seen widespread use in numerous speech applications since its release.
TIMIT contains 6300 utterances, 10 spoken by each of 630 American English speakers.
The speech recordings are provided at a sampling frequency of 16 kHz. Accompanying each
utterance is a time-aligned phonetic transcription that labels the start and end time of
every phone in the utterance.
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7.2 Visualisation of f0 variation
7.2.1 Introduction
In Section 6.3, four dimensionality reduction methods were applied to synthetic speech
to produce three-dimensional spaces in which f0 variation could be visualised. Given
the success of these results we conducted additional experiments aimed at visualising
f0 variation in natural speech recordings. The methodology used and results of these
experiments are reported in the following sections.
7.2.2 Experiment
For these experiments all units of the following vowels were extracted from the TIMIT
corpus: /A/, /i/, /E/, /æ/, and /o/. For each phone unit, frames of length 40ms were
extracted from the centre of each unit. Units of duration less than 100ms were discarded.
The raw speech frames were preemphasised, p = 0.98, and Hamming windowed. Following
this preprocessing, 13-dimensional MFCC vectors were computed for each frame.
For each phone, all associated feature vectors were assembled into a high-dimensional
data set. The data set from each phone was then separately provided as input to the
dimensionality reduction algorithms Isomap, LLE, Laplacian eigenmaps, and PCA. A k
value of 5 was used for all the manifold learning methods.
As each data set consisted of features extracted from a single phone uttered by many
speakers, it was assumed that f0 was likely to vary considerably in each data set. In
order to examine this, the f0 value of each of the original units was estimated. The f0
estimation procedure described by Sun (2002) was used to accomplish this. The two- and
three-dimensional embeddings output by these methods were then visually inspected to
determine if any low-dimensional structure, relating to f0, had been retained.
7.2.3 Results and discussion
The three-dimensional embeddings output by the four dimensionality reduction methods
are shown in Figure 7.1. The pitch of each unit is illustrated as a colour, as indicated in
Figure 7.1(a). It should also be noted that the f0 values are estimates in this experiment
and as a result may be subject to some error. This was not the case in the synthetic
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speech experiments in which the f0 value was known and controlled.
Each dimensionality reduction method produced a different embedding space for each
of the five vowels. In most of the spaces low-dimensional f0 variation can be seen, with
low pitch units clustered separately from higher pitch units. Visually comparing the em-
beddings produced by the various dimensionality reduction methods, Laplacian eigenmaps
and Isomap consistently produced embeddings in which f0 information is accurately re-
tained. However, while the LLE algorithm also facilitates visualisation of f0 variation, f0 is
less well represented in LLE space. PCA, the linear method, produced three-dimensional
representations similar to Isomap for the vowels: /A/, /i/, and /E/. However, PCA pro-
duced the worst visualisations of all four methods for the remaining two vowels, /æ/ and
/o/, suggesting that the manifold learning methods may be more suitable as a tool to
visualise f0 variation in speech data.
While information relating to pitch variation is visible in Figure 7.1, it is less well
defined and consistent than was the case for the synthetic data, as shown in Figure 6.5.
This is to be expected as the data used in the synthetic experiment was very consistent,
with constant formant frequencies and no noise corruption; in contrast to the TIMIT
data which is sampled from a large number of speakers resulting in larger prosodic and
formant frequency variation. As a contrast we briefly examined the case of phones ut-
tered by a single speaker. We computed time delay embeddings of single units of each of
the five vowels—/A/, /i/, /E/, /æ/, and /o/—taken from a single male TIMIT speaker.
These time delay embeddings were computed using Takens’ (1981) method, as discussed
in Section 3.3, and are shown in Figure 7.2.1 The underlying geometric structure of the
individual vowels is evident in Figure 7.2; however when many such vowels are analysed
together the increased prosodic and formant frequency variation makes it more difficult to
determine a consistent underlying geometric structure—hence the inconsistencies in the
f0 visualisations of Figure 7.1, where a large number of vowels from a large number of
speakers have been analysed.
1The time delay embeddings in Figure 7.2 are not as ‘clean’ as those presented in Figure 3.5 as the
former were computed from vowels extracted from continuous speech while the latter were computed from
sustained vowel sounds.
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(a) Colour bar: f0 values (Hz) corresponding to the plots below.
(b) PCA: /A/ (c) Isomap: /A/ (d) LLE: /A/ (e) LEM: /A/
(f) PCA: /i/ (g) Isomap: /i/ (h) LLE: /i/ (i) LEM: /i/
(j) PCA: /E/ (k) Isomap: /E/ (l) LLE: /E/ (m) LEM: /E/
(n) PCA: /æ/ (o) Isomap: /æ/ (p) LLE: /æ/ (q) LEM: /æ/
(r) PCA: /o/ (s) Isomap: /o/ (t) LLE: /o/ (u) LEM: /o/
Figure 7.1: Visualisation of f0 variation in three-dimensional embedding spaces produced
by PCA, Isomap, LLE, and Laplacian eigenmaps.
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(a) /A/
(b) /i/ (c) /E/
(d) /æ/ (e) /o/
Figure 7.2: Two-dimensional time delay embeddings of the vowels /A/, /i/, /E/, /æ/, and
/o/; τ = 1.25ms.
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7.3 Visualisation of vowel variation
7.3.1 Introduction
In addition to visually investigating the ability of the various dimensionality reduction
methods to preserve f0 variation in two- and three-dimensional embeddings, experiments
were also conducted to visually inspect if the methods were capable of retaining phone
specific information. The methodology used is reported in the next section and a discussion
of the results of these experiments then follows.
7.3.2 Experiment
The following five vowels were chosen for analysis: /A/, /i/, /E/, /æ/, and /u/. For
each phone, 250 randomly selected units were extracted from the TIMIT corpus. For
each phone unit, a frame of length 40ms was extracted from the phone center. The raw
speech frames were then preemphasised, p = 0.98, and Hamming windowed. Following
this, 13-dimensional MFCC vectors, including the zeroth cepstral coefficients, were com-
puted for each frame. These MFCC vectors were used as the high-dimensional speech
representation in this experiment. The MFCC features from all five vowels were combined
to form an input data set. This input data set was then provided to the dimensionality
reduction algorithms—Isomap, LLE, Laplacian eigenmaps, and PCA—and four different
two-dimensional embeddings of the original 13-dimensional input data set were output.
As above, a k value of 5 was used for all the manifold learning methods. The output two-
dimensional embeddings were then visually inspected to determine if any phone-related
information had been retained.
7.3.3 Results and discussion
The two-dimensional embeddings output by each of the four dimensionality reduction
methods are shown in Figure 7.3. Each point represents a single phone unit, with units
from different phones depicted using different symbols, as indicated in the legends. A sim-
plified representation of the IPA vowel chart, as discussed in Section 3.1, containing only
the five relevant phones is overlaid on each two-dimensional space in order to aid visual-
isation of the structure of the vowel manifold discovered by the dimensionality reduction
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Figure 7.3: Two-dimensional embeddings produced by applying dimensionality reduction
methods to 250 units of each of the five vowels: /A/, /i/, /E/, /æ/, and /u/. A simplified
representation of the corresponding IPA vowel chart is overlaid on each embedding.
methods.
In each of the two-dimensional spaces a number of phone clusters are visible. This
is perhaps most evident in the spaces output by PCA and Isomap, Figures 7.3(a) and
7.3(b). In these spaces the different phones are separated into individual clusters, with
the exception of /E/ and /æ/ which have a larger degree of overlap—a result of the
similarity in articulation of these two phones. Similar phone clusters are also visible in
the two-dimensional spaces output by LLE and Laplacian eigenmaps, Figures 7.3(c) and
7.3(d). However, the clusters are visually less well separated in the two-dimensional space
produced by LLE.
Comparing these two-dimensional embeddings to the IPA vowel chart, which depicts
the articulation of a number of different vowel sounds with respect to the two dimensions
of tongue frontness and height, a correspondence was found. This correspondence is illus-
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trated by the IPA vowel charts overlaid on the two-dimensional embeddings in Figure 7.3.
In each case the IPA chart has been orientated to, approximately, align with the phone
data in the two-dimensional space. The locations of the phone clusters in two-dimensional
space can be seen to correspond with the position of the phones on the IPA chart. Thus,
the information retained by the dimensionality reduction methods is closely related to
the dimensions of the IPA chart—namely, tongue frontness and height or, similarly, F1
and F2 as discussed in Section 3.1. Visual inspection reveals that the spaces output by
PCA and Isomap are quite similar and correspond closely to the IPA chart, whereas the
spaces output by LLE and Laplacian eigenmaps are more ‘deformed’ and match the IPA
chart less closely. This is likely due to the differing motivations of the methods, with PCA
and Isomap—global methods—preserving the global geometry of the manifold, while LLE
and Laplacian eigenmaps—local methods—attempt to maintain the local neighbourhood
relationships. Thus, Figure 7.3 illustrates the importance of retaining global geometric
structure.
This experiment provides some insight into the ability of the various methods to dis-
cover underlying manifold structure in speech data. More objective and quantifiable com-
parisons of the spaces output by the dimensionality reduction methods are detailed in the
following sections.
7.4 Phone classification using magnitude spectra based fea-
tures
7.4.1 Introduction
In Section 6.4, the ability of the four dimensionality reduction methods to produce mean-
ingful low-dimensional representations of high-dimensional speech features was evaluated
in a number of synthetic vowel classification experiments. This section presents the re-
sults of a number of similar experiments conducted to evaluate the performance of the
dimensionality reduction methods in a number of natural speech classification experi-
ments. These experiments also extended the feature set used; while the synthetic speech
experiments used static features only, the studies in this section also investigate the incor-
poration of dynamic features, as are conventionally used in speech recognition tasks.
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The principal purpose of the experiments described in this section is to evaluate the
ability of the various methods to reduce the dimensionality of features conventionally
used in speech recognition tasks. This evaluation provides an insight into the inherent
dimensionality of the speech space represented by these high-dimensional features and also
serves to display the potential value of the dimensionality reduction methods in speech
recognition applications.
7.4.2 Experiments
The phone classification experiments were conducted in a manner similar to those de-
scribed in Section 6.4; although using natural speech rather than synthetic speech. As
before, SVM classifiers with RBF kernels were used in all classification experiments.
Phone classification experiments were performed using five different feature types:
baseline MFCC vectors and features produced by applying PCA, Isomap, LLE, and Lapla-
cian eigenmaps to the baseline MFCC vectors. Two types of baseline MFCC vectors were
used: standard static MFCCs only and static MFCCs concatenated with dynamic informa-
tion. This dynamic information took the form of delta coefficients, as previously discussed
in Section 5.3.3. The experimental procedure detailed below was repeated separately for
the baseline MFCCs both with and without deltas.
Each of the five feature types were evaluated in the three phone classification tasks
detailed in Section 5.5.2: distinguishing between five vowels; ten vowels; and classifying
19 different phones into their associated phone classes, of which there are five.
Based on the phonetic transcriptions and associated phone boundaries provided in
TIMIT all units of the phones required for the classification tasks were extracted from
the corpus. For each phone unit, frames of length 40ms were extracted with a frame
shift of 20ms. Units of duration less than 100ms were discarded. The raw speech frames
were preemphasised, p = 0.98, and Hamming windowed. Following this preprocessing
13-dimensional MFCC vectors, including the zeroth cepstral coefficients, were computed
for each frame. Standard delta coefficients, ∆, were also computed. These MFCC vectors
and those concatenated with their deltas, MFCC+∆, serve as both baseline features and
high-dimensional inputs for PCA, Isomap, LLE, and Laplacian eigenmaps.
For each of the three phone classification experiments, 250 units representing each of
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the required phones were chosen at random from those extracted above to make up the
data set. PCA, Isomap, LLE, and Laplacian eigenmaps were individually applied to the
equivalent sets of MFCC and MFCC+∆ vectors. The number of nearest neighbours, k,
used in Isomap, LLE, and Laplacian eigenmaps was set empirically.
In order to examine the ability of the feature transformation methods to compute
concise representations of the input vectors retaining discriminating information, the di-
mensionality of the resulting feature vectors was varied from 1 to D; where D = 13
for static MFCC features and D = 26 for MFCC+∆ features. A separate classifier was
subsequently trained and tested using feature vectors with each of the different dimen-
sionalities. Thus, the ability of these feature transformation methods to produce useful
low-dimensional features could be evaluated and changes in performance with varying di-
mension analysed. As a baseline the original MFCC and MFCC+∆ vectors were used,
also varying in dimensionality as detailed above.
In all classification experiments 80% of the data was assigned as training data with the
remaining 20% withheld and used as testing data. The data was partitioned such that the
training and test sets had no speakers in common, thus ensuring speaker independence.
7.4.3 Results
Static Features
Firstly, the results of experiments conducted using 13-dimensional MFCCs as baseline
feature vectors and inputs to the dimensionality reduction methods are presented. In each
experiment the classifier was evaluated on each of the five feature types: baseline MFCC
vectors and PCA, Isomap, LLE, and Laplacian eigenmaps embeddings of these baseline
vectors. The dimensionality of the feature vectors used in the experiment vary from 1 to
13—the original, full dimensionality.
Figure 7.4 shows the results of the five vowel classification task using the baseline
MFCC, PCA, Isomap, LLE, and Laplacian eigenmaps features. Results are presented for
evaluation on both the training data and testing data. The percentage of phones correctly
classified is given on the vertical axis. The horizontal axis represents the dimensionality
of the feature vector. The results in Figure 7.4 can be summarised as follows:
• The performance of the baseline MFCC vectors improved with increasing dimen-
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sionality.
• PCA features offered improvements over baseline MFCCs in most, 76.92%, of the
dimensions tested. This improvement is largest in the lower dimensions.
• For the training data, maximum classification accuracy in dimensions 2–13 was
demonstrated with Isomap features, outperforming all other features including the
original 13-dimensional MFCC vectors.
• Isomap features also offered performance comparable to, and in some dimensions
better than, other features on the testing data. In fact, Isomap yielded 78% accu-
racy with only two dimensions—as shown in Figure 7.4(b)—the other feature types
required a much greater number of dimensions, d > 10, to reach this level of classifi-
cation accuracy. Interestingly, the classification rates achieved using the subsequent,
higher-dimensional Isomap features, 2 < d < 11, are lower than that of the two-
dimensional features. This indicates that a substantial amount of discriminatory
information is compacted into the first two dimensions and that the subsequent di-
mensions, 2 < d < 11, add no useful information; rather they degrade the classifier’s
performance.
• LLE features yielded improved performance over other features in low dimensions,
d < 3. However, in higher dimensions LLE features did not consistently offer a
performance increase over other methods.
• Laplacian eigenmaps features outperformed the baseline MFCCs when d ≤ 4 but
yielded worse performance than all other features for all higher dimensionalities.
• Comparing the results of evaluations on the training data with those run on the the
testing data it can be observed that the mean classification accuracy for training
data classification was higher than that of the testing data classification. However,
the difference in performance on training data and unseen test data was relatively
small, indicating no significant classifier overfitting has occurred.
The mean classification accuracy results for each feature type in the five vowel classification
task are summarised in Table 7.1. The mean accuracy scores were computed for the testing
data evaluation. Averages are computed for three dimensionality ranges. It can be seen
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(b) Testing Data
Figure 7.4: Five vowel classification results for baseline MFCC, PCA, Isomap, LLE and
Laplacian eigenmaps features on data from the TIMIT speech corpus.
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Dimensions MFCC PCA Isomap LLE LEM
1–4 54.400 67.300 71.500 71.100 61.200
5–13 75.956 76.933 77.378 74.800 70.756
1–13 69.323 73.969 75.569 73.662 67.815
Table 7.1: Mean classification accuracy, computed for the testing data evaluation, in the
five vowel classification task for MFCC, PCA, Isomap, LLE, and Laplacian eigenmaps
features.
that Isomap resulted in the highest average accuracy overall, followed by PCA, LLE,
MFCC, and finally Laplacian eigenmaps. LLE and Isomap both performed better than
PCA and MFCC in low dimensions.
Results for ten vowel classification are shown in Figure 7.5. Results are presented for
evaluation on the testing data only; results of evaluations conducted on the training data
are provided in Appendix B, Figure B.1. The results are similar to those of the task above,
with reduced classification accuracy due to increased complexity of the classification task
and possibility of phone confusion. The important findings may be summarised as follows:
• Isomap yielded better performance than MFCCs and PCA-transformed MFCCs for
the testing data in low dimensions (d < 8).
• A classification accuracy of 57.8% was achieved on the testing data with Isomap
features of only d = 3. This classification accuracy was only reached by higher-
dimensional, d ≥ 8, MFCC and PCA features. For purposes of comparison, it
should be noted that as this classification task involves five classes the expected
classification rate by na¨ıve random guessing would be 20%.
• Laplacian eigenmap’s performance was comparatively worse than in the previous
task, yielding the worst performance in almost all dimensionalities; excluding d = 1
for the training data and d = 1, 2 for the test data where Laplacian eigenmaps
outperformed the baseline MFCCS.
The mean classification accuracy results for each feature type in the ten vowel classification
task are presented in Table 7.2. Again, Isomap resulted in the highest average accuracy
overall. Also, LLE and Isomap both performed better than PCA and MFCC in low
dimensions.
Phone class classification results are presented in Figure 7.6. Results are presented for
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Figure 7.5: Ten vowel classification results for baseline MFCC, PCA, Isomap, LLE and
Laplacian eigenmaps features on data from the TIMIT speech corpus. Evaluation per-
formed on testing data.
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Figure 7.6: Phone class classification results for baseline MFCC, PCA, Isomap, LLE
and Laplacian eigenmaps features on data from the TIMIT speech corpus. Evaluation
performed on testing data.
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Dimensions MFCC PCA Isomap LLE LEM
1–4 36.050 44.400 48.850 46.900 37.400
5–13 57.689 58.867 59.022 54.133 51.467
1–13 51.031 54.415 55.892 51.908 47.138
Table 7.2: Mean classification accuracy, computed for the testing data evaluation, in the
ten vowel classification task for MFCC, PCA, Isomap, LLE, and Laplacian eigenmaps
features.
Dimensions MFCC PCA Isomap LLE LEM
1–4 64.107 67.357 71.000 67.893 61.250
5–13 78.635 78.905 79.607 72.349 71.016
1–13 74.165 75.352 76.959 70.978 68.011
Table 7.3: Mean classification accuracy, computed for the testing data evaluation, in the
phone class classification task for MFCC, PCA, Isomap, LLE, and Laplacian eigenmaps
features.
evaluation on the testing data only; results of evaluations conducted on the training data
are provided in Appendix B, Figure B.2. The following is evident:
• Again, LLE features performed well in very low dimensions, d < 3, but yielded low
classification rates in higher dimensions; relative to MFCC, PCA, and Isomap.
• Isomap features yielded the best accuracy in the majority of dimensions tested.
• PCA and MFCC features yielded similar performance, with PCA features offering
improved accuracy for low-dimensional features.
• Again, the embeddings produced by Laplacian eigenmaps resulted in comparatively
poor classification accuracy.
The mean classification accuracy results for each feature type in the phone class classifi-
cation task are summarised in Table 7.3.
Dynamic Features
As detailed in the previous section, experiments were also performed using 26-dimensional
MFCC+∆ vectors as high-dimensional inputs to the four dimensionality reduction meth-
ods. The results of performing phone classification using the features output by each
of these methods and the original MFCC+∆ vectors are shown in Figures 7.7, 7.8, and
7.9. Ten vowel and phone class classification results are presented for evaluation on the
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testing data only; results of evaluations conducted on the training data are provided in
Appendix B, Figures B.3 and B.4.
It can be seen that these results are similar to those using the static features. Again,
PCA-transformed features yielded similar performance to the baseline features, with PCA-
transformed features offering improved accuracy for low-dimensional features. The reason
PCA-transformed features yielded higher classification rates than the original baseline
features in low dimensions is because the linear transformation used in PCA, described in
Section 4.3.1, effectively compresses the principal sources of variation, the discriminatory
information, into the lowest dimensions. Thus the PCA-transformed features have more
discriminatory information in the lower dimensions than the baseline MFCC features.
The manifold learning methods offered improved performance over both MFCC+∆ and
PCA-transformed features in low dimensions; with the exception of Laplacian eigenmaps,
the performance of which was again inconsistent and frequently lower than all other fea-
tures. In general, features output by Isomap offered the best performance, outperforming
all other feature types in 85.89% of the classification tests performed on dynamic features.
7.4.4 Conclusions
In this study a phone classification approach using nonlinear manifold learning based
feature transformation was proposed and evaluated against a baseline linear dimensional-
ity reduction method, PCA, and conventional MFCC features. All of the dimensionality
reduction methods presented, with the exception of Laplacian eigenmaps, consistently out-
performed the baseline MFCC features for low dimensions. This illustrates the capability
of these methods to extract discriminating information from the original MFCC features.
Examining the general trends of the various feature types in Figures 7.4–7.9 as the
dimensionality of the vectors used for classification increases, an ‘elbow’ is visible between
d = 2, . . . , 4. At this point the classification accuracy begins to plateau and the addition
of further dimensions does not cause a significant increase in accuracy. This indicates
that the speech data has an inherent low-dimensional structure. Further, this ‘elbow’
is most prominent in the classification rates achieved using Isomap-transformed features.
This suggests that the manifold learning method is the most capable of discovering this
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Figure 7.7: Five vowel classification results for baseline MFCC+∆, PCA, Isomap, LLE
and Laplacian eigenmaps features on data from the TIMIT speech corpus.
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Figure 7.8: Ten vowel classification results for baseline MFCC+∆, PCA, Isomap, LLE
and Laplacian eigenmaps features on data from the TIMIT speech corpus. Evaluation
performed on testing data.
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Figure 7.9: Phone class classification results for baseline MFCC+∆, PCA, Isomap, LLE
and Laplacian eigenmaps features on data from the TIMIT speech corpus. Evaluation
performed on testing data.
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underlying low-dimensional structure.
Higher classification accuracy is shown for the Isomap- and LLE-derived features com-
pared to baseline MFCC and PCA-transformed features for low dimensions. This indicates
that these manifold learning algorithms are more capable of retaining information required
to discriminate between phones, especially in low-dimensional space, when compared to
the linear method. This may be due to the ability of these methods to exploit nonlinear
structure in the speech space.
In general, Isomap was found to yield superior performance to both MFCC and PCA
features. Comparing the manifold learning methods, Isomap generally demonstrated bet-
ter classification accuracy than LLE and Laplacian eigenmaps. The relative success of the
Isomap algorithm indicates that preserving global structure rather than local relationships
may be more important for speech feature transformation.
7.5 Phone classification: Comparison and combination of
features derived from the magnitude and phase spec-
trum
7.5.1 Introduction
The experiments described in this section are similar to those described in Section 7.4.
Phone classification tasks were performed using features of varying dimensionalities pro-
duced by applying a number of dimensionality reduction methods to high-dimensional
speech features. However, rather than simply using conventional features derived from the
magnitude spectrum, MFCCs, we also investigated features derived from the phase spec-
trum, MODGDFs. The primary aim of these classification experiments was to compare
how much meaningful discriminatory information is contained in MFCC and MODGDF
representations and investigate the low-dimensional embeddings produced by applying the
dimensionality reduction methods to these representations. The motivation behind such
experiments is to compare the low-dimensional structure of MFCCs and MODGDFs.
In addition to using each feature set alone, MFCC and MODGDF features have
previously been concatenated and the resulting joint feature vectors shown to improve
speech recognition performance, indicating that they may contain complementary infor-
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mation (Alsteris and Paliwal, 2005; Hegde et al., 2007a). Building on such findings, we
examine the performance of these joint features in phone classification tasks and propose a
method to reduce the dimensionality of these joint features in an attempt to improve clas-
sification accuracy without increasing the computational cost associated with processing
the higher-dimensional features.
7.5.2 Experiments
The objective of these experiments was to perform phone classification using MFCCs,
MODGDFs, and the low-dimensional feature representations resulting from the applica-
tion of PCA, Isomap, LLE, and Laplacian eigenmaps to these high-dimensional features.
As a result, an experimental setup similar to that described in Section 7.4 above was used.
However, as these experiments used MODGDFs, in addition to MFCCs as used pre-
viously, the frame size and overlap used were altered based on the recommendations of
previous studies of MODGDF extraction. For each of the phones required for the three
phone classification tasks, as detailed in Section 5.5.2, frames of duration 20ms were ex-
tracted with a frame shift of 10ms. This frame rate was chosen based on parameters used
in previous speech recognition studies using MODGDFs (Hegde et al., 2007b). This frame
rate was also used for extraction of the MFCC features to ensure consistency between the
two feature sets.
7.5.3 Results
Comparison of baseline MFCC and MODGDF features
Results of each classification experiment using full dimensional MFCC and MODGDF
feature sets are shown in Table 7.4. MFCCs were found to outperform MODGDFs in each
test, both with and without the inclusion of delta, ∆, coefficients. Previously published
results comparing speech recognition performance using MFCC and MODGDF features
are inconsistent, with some studies showing better accuracy with MFCCs (Alsteris and
Paliwal, 2005) while other studies indicate the opposite (Murthy and Gadde, 2003). This
may be due to various inconsistencies in the corpora, feature extraction procedures, and
classification algorithms used.
When MODGDF and MFCC feature vectors were concatenated and used as features
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Classification Task
Feature Set Dim. Phone Class Ten Vowel Five Vowel
MFCC 13 79.714 59 76
MODGDF 13 75.143 54 67.6
MFCC+∆ 26 80.286 61.6 76
MODGDF+∆ 26 75.571 57.4 69.2
MODGDF+MFCC 26 82 61.8 76.8
[MODGDF+∆] + [MFCC+∆] 52 82 62 76.8
Table 7.4: Vowel and phone class classification accuracy (%) using baseline MFCC and
MODGDF features. Feature dimensionality (Dim.) is also shown. The symbol + indicates
feature concatenation.
in the various classification tasks the resulting classification accuracies were found to be
higher than when using the baseline MFCC features. An increase of 0.8% was found
in the five vowel classification task, and larger increases of 2.286% and 2.8% observed
in the phone class and ten vowel classification tasks, respectively. This indicates that
the magnitude and phase spectrum contain complementary information; these findings
are consistent with previously published results (Alsteris and Paliwal, 2005; Hegde et al.,
2007b). Further improvements were observed in the ten vowel task when delta coefficients
were also included.
Reduced dimensionality: Static features
In this section we discuss the results of the application of dimensionality reduction methods
to static MFCC and MODGDF features in an attempt to determine if these representations
have underlying low-dimensional structure. PCA, Isomap, LLE, and Laplacian eigenmaps
were each applied to both MFCCs and MODGDFs and the resulting features evaluated
in the three classification experiments detailed in Section 5.5.2. In each experiment SVM
classifiers were trained and tested on MFCCs, MODGDFs, and features resulting from di-
mensionality reduction of these baseline features using PCA, Isomap, LLE, and Laplacian
eigenmaps. The dimensionality of the feature vectors used in the experiments was varied
from 1 to the original dimensionality; this was 13 for static features.
Results of the ten vowel classification experiments are shown in Figure 7.10; results of
the five vowel and phone class classification experiments were consistent with these results
and are included in Appendix B. Figure 7.10(a) illustrates results using MFCCs and
Figure 7.10(b) shows results for MODGDFs. The percentage of phones correctly classified
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is given on the vertical axis. The horizontal axis represents feature vector dimensionality.
The results may be summarised as follows:
• MFCCs were found to outperform MODGDFs for all feature dimensionalities.
• MFCCs also reached a performance plateau more rapidly than MODGDFs indicating
that discriminatory information is more compactly represented in MFCCs. This is
supported by the observation that the dimensionality reduction methods offered
greater relative improvement in accuracy for MODGDFs compared to MFCCs.
• The dimensionality reduction methods were found to offer improved classification ac-
curacy over the baseline features, with at least one dimensionality reduction method
outperforming the baseline features in all but one test. This improvement was largest
for low-dimensional feature vectors. The improved performance in low dimensions
as a result of dimensionality reduction suggests that both magnitude and phase
information has an intrinsic low-dimensional structure and may benefit from dimen-
sionality reduction prior to use.
• Isomap yielded the highest classification accuracy in 76.9% of the tests performed.
This finding is consistent with experiments performed in Section 7.4. This suggests
the presence of nonlinear structure in the data which the linear PCA algorithm is
incapable of finding but the manifold learning algorithm is able to exploit.
• LLE was found to outperform both MFCC and MODGDF baseline features in low
dimensions; d <= 5 and d <= 9 respectively. However, in higher dimensions the
baseline features yielded higher classification accuracy.
• Laplacian eigenmaps performance was poor, as in Section 7.4.3, not once yielding the
highest classification accuracy. However, in the vowel classification tasks Laplacian
eigenmaps-transformed MODGDFs outperformed the original MODGDF features
for d < 7, supporting the above claim dimensionality reduction may be beneficial
when using MODGDF features.
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Figure 7.10: Ten vowel classification accuracy using (a) MFCC and (b) MODGDF features.
The performance of each feature after dimensionality reduction by PCA, Isomap, LLE,
and LEM is also shown.
137
Reduced dimensionality: Dynamic features
Results of the ten vowel classification experiments using MFCC+∆ and MODGDF+∆
feature vectors are shown in Figure 7.11; results of the five vowel and phone class classifi-
cation experiments are available in Appendix B.
From these results it is evident that:
• The MFCC+∆ results are consistent with the the results of the previously conducted
MFCC+∆ experiments described in Section 7.4.
• In the vowel classification experiments all of the dimensionality reduction methods
yielded higher classification accuracy than the baseline MFCC+∆ and MODGDF+∆
features in low-dimensional spaces.
• Isomap yielded the best performance in the majority of tests. This is consistent with
our previous findings. Also, the relative improvement in classification accuracy using
Isomap-transformed features compared to the baseline feature types was greatest in
low dimensions. This demonstrates Isomap’s ability to produce a low-dimensional
embedding that retains meaningful information and accurately discovers the un-
derlying structure of the data set. While MFCC+∆ and MODGDF+∆ features
increase classification accuracy with growing numbers of dimensions, Isomap, with
lower dimensionality, is able to draw the best from both static and dynamic features.
• The largest improvement over the baseline feature vectors was yielded by Isomap in
the phone classification task, again displaying the benefits of performing classifica-
tion in an embedding space produced by the globally motivated manifold learning
method.
Reduced dimensionality: MFCC and MODGDF feature combination
As discussed above, with respect to the baseline MFCC and MODGDF results, classifica-
tion performance can be improved by including information from both the magnitude and
phase spectra. This is typically achieved by simply concatenating the MFCC and MOD-
GDF feature vectors (Alsteris and Paliwal, 2005; Hegde et al., 2007a). The improvement
gained is demonstrated by the results of the ten vowel classification experiment using joint
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Figure 7.11: Ten vowel classification accuracy using (a) MFCC+∆ and (b) MODGDF+∆
features. The performance of each feature after dimensionality reduction by PCA, Isomap,
LLE, and LEM is also shown.
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MFCC and MODGDF feature vectors, shown in Figure 7.12(a). A noticeable improve-
ment in the classification rate achieved using the baseline MFCC+MODGDF features can
be seen when the dimensionality exceeds d = 13; that is, the point at which the MFCC
feature vectors are joined to the MODGDF feature vectors. This is also the case when
dynamic information is included, as shown in in Figure 7.12(b); however in this case the
increase in classification accuracy occurs at d = 26.
However, this simple feature vector concatenation increases—generally doubles—the
dimensionality of the feature vector and hence the computational cost of any subsequent
processing of these joint feature vectors. In order to reduce this dimensionality PCA,
Isomap, LLE, and Laplacian eigenmaps were each separately applied to the joint feature
vectors. Results for the ten vowel classification experiments using joint feature vectors
with and without deltas are shown in Figure 7.12; results of the five vowel and phone class
classification experiments, available in Appendix B, are consistent with the ten vowel
results. A discussion of the results follows:
• The features output from the manifold learning algorithms outperformed the baseline
joint features in low dimensions but did not offer performance comparable to the full
dimensional joint features.
• Of the three manifold learning methods Isomap yielded the best mean classification
rate over the three tasks.
• Comparing the classification rates achieved using Isomap and PCA reduced fea-
tures, PCA outperforms Isomap in 56.41% of the dimensionalities tested. However,
examing the first D2 dimensionalities, i.e. d = 1, . . . , 13 for MFCC+MODGDF and
d = 1, . . . , 26 for [MODGDF+∆] + [MFCC+∆], Isomap yields the best performance
in 80.34% of the tests run. Once again, this demonstrates the ability of the Isomap
algorithm to retain significant information in low dimensions.
• It is interesting to note that the classification performance of the manifold learning
methods did not increase significantly above a feature dimensionality of, approxi-
mately, five. However, for the baseline features and PCA-transformed features a
marked increase in classification accuracy was achieved above d = D2 , that is, the
point at which the MODGDF and MFCC feature vectors were concatenated. The
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Figure 7.12: Ten vowel classification accuracy using (a) [MODGDF+MFCC] and (b)
[MODGDF+∆]+[MFCC+∆] features. The performance of each feature after dimension-
ality reduction by PCA, Isomap, LLE, and LEM is also shown.
141
Feature set Dim. Acc. (Inc.)
PCA(MODGDF+MFCC) 17 62.8 (1)
PCA([MODGDF+∆] + [MFCC+∆]) 32 62.6 (0.6)
Table 7.5: Ten vowel classification accuracy (%) using joint MFCC and MODGDF fea-
tures. Feature dimension (Dim.), classification accuracy (Acc.), and increase in accuracy
over the full dimensional baseline feature (Inc.) are shown.
Feature set Dim. Acc. (Inc.)
PCA(MODGDF+MFCC) 22 76.8 (0)
PCA([MODGDF+∆] + [MFCC+∆]) 40 78 (1.2)
Table 7.6: Five vowel classification accuracy (%) using joint MFCC and MODGDF fea-
tures. Feature dimension (Dim.), classification accuracy (Acc.), and increase in accuracy
over the full dimensional baseline feature (Inc.) are shown.
inability of the manifold learning algorithms to fully exploit the complementary in-
formation in these two feature types may be due to the fact that combining these
two incongruous data sets breaks the assumption that there is underlying manifold
structure to be discovered. In contrast, the PCA method, which simply preserves
variation and makes no assumption of underlying manifold structure, is capable of
retaining the complementary phone discriminating information present in the two
feature types.
• PCA was found to offer performance increases compared to the original joint features
using significantly lower-dimensional features. The improvements resulting from
PCA in all three classification tasks are detailed in Tables 7.5–7.7. This demonstrates
that PCA can be used as a means to combine the complementary information of
MFCC and MODGDF features, without large increases in feature dimensionality.
7.5.4 Conclusions
Both magnitude- and phase-based features were evaluated in phone classification exper-
iments, with the results showing that MFCCs provided better performance than MOD-
Feature set Dim. Acc. (Inc.)
PCA(MODGDF+MFCC) 20 82 (0)
PCA([MODGDF+∆] + [MFCC+∆]) 35 82.14 (.14)
Table 7.7: Phone class classification accuracy (%) using joint MFCC and MODGDF fea-
tures. Feature dimension (Dim.), classification accuracy (Acc.), and increase in accuracy
over the full dimensional baseline feature (Inc.) are shown.
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GDFs. The ability of dimensionality reduction methods to exploit low-dimensional struc-
ture in both these feature types is also demonstrated in this section. When applied
to the MFCC and MODGDF features, Isomap was consistently found to yield a low-
dimensional embedding that offered the best phone classification performance in low-
dimensional spaces. Thus, suggesting that this low-dimensional structure may be nonlin-
early embedded in higher-dimensional space.
Regarding the intrinsic dimensionality of the speech signals examined, an ‘elbow’ in the
classification rate line charts is visible between d = 2, . . . , 6, above this point the addition
of further dimensions does not yield a significant increase in classification rate. This
indicates that the speech data has an inherent low-dimensional structure, corroborating
the conclusions drawn in Section 7.4.4.
Joining MFCC and MODGDF features using simple concatenation was found to in-
crease classification performance, indicating the two feature types contain complementary
information. Applying PCA to these concatenated MFCC and MODGDF feature vectors
was shown to increase performance without requiring a large increase in dimensionality
and the associated increased computational cost. Manifold learning methods were not
found capable of achieving this. However, Isomap was found to maintain more discrimina-
tory information in low-dimensional spaces than PCA, when applied to the concatenated
features.
7.6 Speaker identification
7.6.1 Introduction
As discussed in Section 5.5.2, in addition to using phone classification as a means of objec-
tively evaluating the low-dimensional representations output by the various dimensionality
reduction methods, we also investigate the ability of linear and nonlinear dimensionality
reduction to yield low-dimensional features capable of discriminating between speakers.
The following subsections detail the speaker identification system used and the result-
ing performance based on features produced by both linear and nonlinear dimensionality
reduction methods.
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7.6.2 Experiment setup
The experimental setup we used is based on that described by Reynolds (1995a), who
describes a GMM-based speaker identification system and shows this system to be capable
of accurate identification of speakers from the TIMIT corpus. This system lacks some of
the more recent speaker identification technologies, such as a universal background model.2
Such a speaker identification system is adequate for this study as we are concerned with
examining the ability of linear and nonlinear dimensionality reduction methods to retain
speaker discriminatory features, and not concerned with evaluating the performance of a
state-of-the-art speaker identification system.
Feature extraction
Twenty speakers, ten male and ten female, were selected from the TIMIT database for
use in this study.3 All ten utterances recorded by each speaker were used.
Each speech signal was first preemphasised, p = 0.95, and following this Hamming
windowed frames of length 20ms were extracted with an overlap of 10ms. Non-speech
frames were removed using an energy-based speech activity detector (Reynolds, 1995b). As
performed by Reynolds (1995a), twenty MFCCs were computed for each speech frame; the
zeroth cepstral coefficient was discarded and the remaining nineteen coefficients retained.
Feature transformation
The 19-dimensional MFCC vectors extracted for each of the chosen speakers, detailed
above, made up the high-dimensional input feature matrix. Both PCA and L-Isomap
were applied to this matrix and low-dimensional features ranging in dimension from 1–19
produced. The number of nearest neighbours, k, used in L-Isomap was empirically chosen
as 16. A total of 300 feature vectors, sampled randomly from the data set, were chosen as
landmark points for L-Isomap.
2For a review of current state-of-the-art approaches to speaker recognition refer to Campbell et al.
(2009).
3The speakers chosen were: FAEM0, FAJW0, FALK0, FALR0, FAPB0, FBAS0, FBCG1, FBCH0,
FBJL0, FBLV0, MABC0, MADC0, MADD0, MAEB0, MAEO0, MAFM0, MAJP0, MAKB0, MAKR0,
and MAPV0.
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Choice of L-Isomap
The L-Isomap algorithm was the only manifold learning algorithm used; LLE and Lapla-
cian eigenmaps were not applied in the speaker identification experiments. This was due
to the size of the data set. The speaker identification experiments required the embedding
of a large number of feature vectors, N = 61924. However, the computational demands
of the manifold learning methods, discussed in Section 4.3.4, make it impractical to apply
them to large data sets. As a result, we employed the L-Isomap algorithm which, as dis-
cussed in Section 4.3.2, adapts the standard Isomap algorithm to work on a small subset
of so called landmark points, thus overcoming the issues raised by the large size of the
data set.
It should also be noted that previous experiments, detailed in Sections 7.4 and 7.5, con-
ducted on both synthetic and natural speech show Isomap to produce the most meaningful
low-dimensional representations of high-dimensional speech data in a range of tasks—
outperforming both LLE and Laplacian eigenmaps in the majority of tests performed.
This is further motivation for the use of L-Isomap.
Gaussian mixture model classification
Many forms of pattern classifier have been used for speaker identification in the past.
These include dynamic time warping, artificial neural networks, vector quantization, sup-
port vector machines and GMMs. The GMM-based approach (Reynolds, 1995a, 2002) is
currently the most widely used text-independent speaker identification classifier. Further
discussion of GMM-based classification is provided in Appendix A.
A single state GMM consisting of eight mixtures, as used by (Reynolds, 1995a), was
trained using the expectation maximisation (EM) algorithm (Dempster et al., 1977) for
each of the twenty chosen speakers. In order to classify a test utterance, the likelihoods
of the feature vectors extracted from the unknown speaker’s utterance are evaluated for
each speaker GMM. The unknown speaker is identified as the speaker whose GMM yields
the maximum accumulated likelihood.
The GMM speaker identification system was trained and tested using each of the three
feature types: baseline MFCC and both PCA- and L-Isomap-transformed MFCCs. The
dimensionality of the feature vectors was varied from 1 to 19—the original, full dimen-
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sionality.
The system was evaluated with two different amounts of training data: four and eight
utterances. The data was divided into four sets each containing the required number of
training utterances, chosen randomly, with the remaining utterances used as test data.
The GMM speaker identification system was trained and tested on each of these four sets
and the total accuracy calculated across all tests.
7.6.3 Results
Speaker identification
The performance of each of the three feature types in the twenty class speaker identification
task is shown in Figure 7.13. Eight utterances were provided as training. The percentage of
test utterances identified as spoken by the correct speaker is indicated on the vertical axis.
The horizontal axis represents the dimensionality of the feature vector. The performance of
the baseline 19-dimensional MFCC features is 99.38% which is consistent with previously
published results (Reynolds, 1995a).
The results in Figure 7.13 can be summarised as follows:
• L-Isomap yielded the best performance in very low dimensions (d < 4) but perfor-
mance in higher dimensions was inconsistent and generally lower than the other two
feature types.
• PCA features offered the highest mean speaker identification accuracy.
• PCA resulted in a maximum accuracy of 100% with as few as seven dimensions.
• The performance of each feature type generally increased proportional to dimension-
ality, this is to be expected as the higher-dimensional features contain additional
information on which to base a classification decision.
The mean accuracies over three dimensionality ranges are presented in Table 7.8. It can
be seen that L-Isomap yielded the highest average accuracy in the low-dimensional range
but averaged over all dimensions offered the worst speaker identification performance. On
average, PCA is shown to have performed better than MFCC and L-Isomap.
Results of the four training utterance experiments are shown in Figure 7.14 and sum-
marised in Table 7.9. The accuracy is shown to decrease relative to the eight utterance
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Figure 7.13: Speaker identification accuracy (%) for baseline MFCCs and both PCA- and
L-Isomap-transformed features. Eight utterances provided as training.
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Figure 7.14: Speaker identification accuracy (%) for baseline MFCCs and both PCA- and
L-Isomap-transformed features. Four utterances provided as training.
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Dimensions MFCC PCA L-Isomap
1–3 57.083 58.542 62.708
4–19 96.758 98.398 94.336
1–19 90.493 92.105 89.342
Table 7.8: Mean speaker identification accuracy (%) for each feature type over three
dimensionality ranges. Eight training utterances provided.
Dimensions MFCC PCA L-Isomap
1–3 46.597 48.820 49.306
4–19 93.125 94.831 90.026
1–19 85.779 87.566 83.596
Table 7.9: Mean speaker identification accuracy (%) for each feature type over three
dimensionality ranges. Four training utterances provided.
experiment. This is due to the reduced training data. The trends evident in the eight
training utterance case, Table 7.8, are supported by results for the system trained on four
utterances. However, in this case the L-Isomap algorithm produced only marginal im-
provements in lower dimensions and identification accuracy can be seen to decrease above
9-dimensional L-Isomap features. Again, this is likely due to the small amount of training
data provided.
Visualisation
Two-dimensional visualisations of the different low-dimensional feature spaces produced
in the classification experiment above are shown in Figures 7.15–7.17. For clarity, data
from only two speakers is shown in each figure. Figure 7.15 shows data from two male
speakers, Figure 7.16 presents data from two female speakers, and Figure 7.17 illustrates
data points from both a male and a female speaker. The particular speakers used in these
figures were chosen to be representative of the data set.
Based on visual inspection of this data, it can be seen that there is no clear difference
between the feature spaces with regards to separating speakers of the same gender. How-
ever, as shown in Figure 7.17, the male and female speakers are visually more clustered
and separable in the two-dimensional space produced by L-Isomap than the equivalent
PCA and MFCC feature spaces. Thus, these results support the speaker identification
results showing that L-Isomap is capable of outperforming PCA and MFCC features in
low dimensions.
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Figure 7.15: Two-dimensional representations of all speech frames extracted from two
male speakers, MMCC0 and MTPR0, in the TIMIT corpus.
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Figure 7.16: Two-dimensional representations of all speech frames extracted from two
female speakers, FAEM0 and FVMH0, in the TIMIT corpus.
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Figure 7.17: Two-dimensional representations of all speech frames extracted from both a
male and female speaker, MMCC0 and FVMH0, in the TIMIT corpus.
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7.6.4 Conclusions
This study applied both PCA and L-Isomap to conventional MFCCs and evaluated the re-
sulting features in GMM-based speaker identification experiments. L-Isomap was found to
offer the best speaker identification accuracy for low-dimensional features which indicates
that L-Isomap may be useful for two- and three-dimensional visualisation of speaker data.
L-Isomap’s ability to achieve better speaker separation than PCA in these low dimensions
may be due to L-Isomap exploiting nonlinear relationships which PCA is incapable of
finding. This reinforces the proposal that speech data lies on a low-dimensional manifold
nonlinearly embedded in acoustic space. It also shows that as few as three features can
provide a significant amount of information for speaker identification.
However, results indicate that for higher dimensions L-Isomap-transformed features
are not as useful as conventional MFCCs or PCA-transformed features. Thus, linear
dimensionality reduction is found to be more useful than manifold learning for the speaker
identification system described in this study. This is in contrast to the previous phone
classification experiments which found Isomap capable of outperforming linear methods.
One possible cause of the poor performance of the Isomap features, relative to the MFCC
and PCA-transformed features, may be the increased phonetic variability in the data set
used in this study.
PCA-transformed features offered the highest speaker identification accuracy, greater
than that of baseline MFCCs, using as few as seven dimensions. PCA retained informa-
tion relevant to speaker identification while reducing redundant information. Removal of
this redundant information aids GMM classification and also reduces the computational
demands on the speaker identification system.
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Chapter 8
Conclusions and Future Work
The aim of the work presented in this dissertation is to evaluate the performance of a
number of linear and nonlinear dimensionality reduction methods when applied to speech
data and to examine the possibility that speech has an inherent nonlinear low-dimensional
manifold structure. To accomplish this, three manifold learning methods and one classic
linear dimensionality reduction method have been applied in a number of speech processing
experiments involving both synthetic and natural speech recordings. In this chapter the
work presented in this dissertation is summarised, the main conclusions of this work are
presented, and suggestions for future work are proposed.
8.1 Summary
In Chapter 3 a large number of previous studies of the underlying dimensionality of speech
were reviewed. These studies differ in motivation and the techniques used, however when
surveyed as a body of work these studies present compelling evidence that speech data
is inherently low-dimensional. A number of these studies go further, proposing that this
low-dimensional structure is nonlinearly embedded in high-dimensional space1.
The aim of this dissertation is to investigate this proposal by applying a number of
recently proposed manifold learning algorithms to speech data in order to determine if
these algorithms can find inherent low-dimensional structure, and to evaluate the possible
benefits of using these low-dimensional features in speech processing tasks. Chapter 4
1For an example of such an embedding refer to Figure 1.1 which depicts a two-dimensional structure
nonlinearly embedded in three-dimensional space.
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describes the manifold learning algorithms—Isomap, LLE, and Laplacian eigenmaps—
and the classic, linear, PCA algorithm which is used for the purposes of comparison.
The abilities of these algorithms are then demonstrated on a number of non-speech data
sets. Previous exploratory applications of manifold learning methods to speech are also
described. This dissertation aims to further this previous work by thoroughly evaluating
the algorithms in a variety of previously untested speech processing applications.
This evaluation was achieved using the framework proposed in Chapter 5 which out-
lines a methodology for applying dimensionality reduction methods to chosen sets of speech
signals and evaluating the performance of each method. Two contrasting types of feature
were used in this framework: MFCCs, derived from the magnitude spectrum; and MOD-
GDFs, computed from the phase spectrum. Also, two different types of evaluation proce-
dure were used: visualisation and classification. The visualisation procedure is relatively
straightforward, involving a visual inspection of the two- and three-dimensional spaces
output by the dimensionality reduction methods. Evaluation based on classification offers
a more objective means of measuring the performance of the various methods. Procedures
for both phone classification and speaker identification are described in Section 5.5.2. A
number of different classifiers were tested to determine an appropriate classifier to use for
phone classification. The SVM classifier with RBF kernel (5.20) was found to outperform
all other classifiers in terms of mean classification rate in phone classification tasks. As a
result, the SVM classifier with RBF kernel was used in all phone classification experiments
conducted in this dissertation. A traditional GMM-based classification system was used
for the speaker identification evaluations.
In Chapter 6 the manifold learning and linear dimensionality reduction methods were
applied to synthetic speech. The motivation for using synthetic speech data was the ability
to know and control its characteristics. The synthetic speech signals were generated using
an LP-modelled filter excited with an LF-modelled glottal pulse train. MFCC feature
vectors were computed for all the synthetic signals using the framework described in
Chapter 5. All of the dimensionality reduction methods were shown to be capable of
facilitating the visualisation of formant and f0 variation. To provide clear visualisations of
f0 variation, three-dimensional embeddings—rather than two-dimensional as was sufficient
to retain information relating to formant variation—were required. The variation in f0
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was also found to be less well defined and separated in the low-dimensional visualisation
spaces than the formant variation. This demonstrates that more dimensions are required
to accurately retain information relating to pitch variation than formant variation.
In addition to illustrating the ability of the dimensionality reduction methods to find
low-dimensional structure in synthetic speech, the methods were also tested in vowel clas-
sification tasks. The purpose of these tasks was twofold: first, to evaluate the amount
of discriminatory information that was retained by each of the dimensionality reduction
methods; second, to examine the amount of meaningful information retained in speech
feature representations of varying dimensionality. The results of these vowel classification
tasks showed the ability of the dimensionality reduction methods to retain information
characterising individual vowels in low-dimensional space. Also, the first four feature di-
mensions were found to contain almost all the discriminatory information, with dimensions
five and above proving insignificant with respect to classification accuracy. This shows that
the synthetic vowel sounds have an inherent dimensionality of four, supporting the hy-
pothesis that speech sounds have underlying low-dimensional structure. This finding is in
agreement with previously published results, as reviewed in Chapter 3. A comparison of
the performance of the dimensionality reduction methods found that the Isomap algorithm
performed best in 51.92% of the classification tests run. The performance of the other
manifold learning methods, LLE and Laplacian eigenmaps, was inconsistent. However,
the manifold learning methods did offer improved classification performance over MFCCs
and PCA-transformed features in experiments on highly noise-corrupted synthetic speech.
Motivated by the results of the synthetic speech experiments, Chapter 7 presents a
wider range of studies performed on natural speech from the TIMIT corpus. First, the
synthetic f0 visualisation experiments of Chapter 6 were extended. High-dimensional data
sets consisting of MFCC feature vectors extracted from five vowels—/A/, /i/, /E/, /æ/,
and /o/—were reduced to three dimensions using each of the dimensionality reduction
methods. Upon inspection, f0 variation was clearly visible in the embedding spaces. How-
ever, the f0 structure was less well represented than was the case for the synthetic speech,
this was likely due to the increased formant and speaker variation in the natural speech
corpus. Notably, the linear method, PCA, produced the worst visualisations of all four
methods for two of the vowels, /æ/ and /o/, suggesting that the manifold learning methods
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are more suitable as a tool to visualise f0 variation in speech data.
A further visualisation experiment was then performed in which MFCC features ex-
tracted from units of five different vowels were reduced to just two dimensions. Individual
vowel clusters were visible in the resulting two-dimensional spaces and a close correspon-
dence to traditional formant space and articulatory space was found. Visual inspection
revealed that the spaces output by PCA and Isomap corresponded more closely to ar-
ticulatory space than those output by LLE and Laplacian eigenmaps. This is likely due
to the differing motivations of the methods, with PCA and Isomap preserving the global
geometry of the manifold, while LLE and Laplacian eigenmaps preserve local geometries
on the manifold. This illustrates the importance of retaining global geometric structure.
A range of phone classification experiments were then performed on MFCC feature
vectors both with and without dynamic information. All of the dimensionality reduc-
tion methods, with the exception of Laplacian eigenmaps, consistently produced low-
dimensional features that outperformed the equivalent MFCC features. Once again, illus-
trating that these methods retain information capable of discriminating between phones.
Isomap- and LLE-derived features achieved higher classification accuracy than the baseline
MFCC and PCA-transformed features in low dimensions, indicating that these manifold
learning algorithms are more capable of retaining information required to discriminate be-
tween phones, especially in low-dimensional space, when compared to the linear method.
This demonstrates the ability of these methods to exploit nonlinear structure in the speech
space. In general, Isomap was found to yield superior performance to the other dimen-
sionality reduction methods. This indicates that preserving global structure rather than
local relationships is more important for speech feature transformation.
Next, in Section 7.5, these phone classification experiments were repeated using fea-
tures derived from the magnitude spectrum, MFCCs, and features derived from the phase
spectrum, MODGDFs. Results showed that MFCCs provided better performance than
MODGDFs. The dimensionality reduction methods were shown to exploit low-dimensional
structure in both these feature types. When applied to MFCC and MODGDF features,
Isomap consistently yielded a low-dimensional embedding that offered the best phone clas-
sification performance in low-dimensional spaces. Joining MFCC and MODGDF features
was found to increase classification performance, indicating the two feature types con-
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tain complementary information. Applying PCA to these joint MFCC and MODGDF
feature vectors was shown to increase performance without requiring a large increase in
dimensionality and the associated increased computational cost. Manifold learning meth-
ods were not found capable of achieving this. However, Isomap was found to maintain
more discriminatory information in low-dimensional spaces than PCA, when applied to
the concatenated features.
Results from both phone classification studies yielded information relating to the intrin-
sic low-dimensional structure of speech. ‘Elbows’ in the classification rate vs. dimension
plots indicate that dimensions above d = 2, . . . , 6 contain little discriminatory informa-
tion. In the majority of cases the ‘elbow’ was observed at or below d = 4. Also, the fact
that Isomap-transformed features performed well and the ‘elbow’ was most prominent in
the classification rates achieved using these features suggests that this low-dimensional
structure is nonlinear.
The final study conducted on natural speech is reported in Section 7.6. This study
applied both PCA and L-Isomap as feature transformation front-ends in a speaker identifi-
cation system. L-Isomap was found to offer the best speaker identification accuracy for low-
dimensional features. This shows that L-Isomap is useful for two- and three-dimensional
visualisation of speaker data. Results also shows that as few as three features can provide
a significant amount of information for speaker identification. These two findings reinforce
the proposal that speech data lies on a low-dimensional manifold nonlinearly embedded in
acoustic space. However, results indicated that higher-dimensional L-Isomap-transformed
features are not as useful as conventional MFCCs or PCA-transformed features. This is in
contrast to our previous experiments that showed Isomap capable of outperforming linear
methods. One possible cause of the poor performance of the Isomap features, relative to
the MFCC and PCA-transformed features, may be the increased phonetic variability in
the data set used in this study.
8.2 Overall conclusions
The manifold learning methods were shown to be capable of producing meaningful low-
dimensional representations of speech data suggesting speech has low-dimensional manifold
structure. In general, these methods were found to outperform PCA in low dimensions,
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indicating that speech may lie on a manifold nonlinearly embedded in high-dimensional
space. Examining the various low-dimensional embeddings produced, the speech anal-
ysed was found to have an inherent dimensionality varying between two and six. The
geodesically-motivated Isomap algorithm was found to consistently outperform the locally-
motivated LLE and Laplacian eigenmaps algorithms, suggesting that methods that aim
to preserve global structure—rather than local structure—are most appropriate for speech
tasks.
Phone classification experiments showed that Isomap can offer improvements over stan-
dard features and PCA-transformed features. Investigation of features derived from the
magnitude spectrum and phase spectrum found both to have similar low-dimensional
structure and confirm that the phase spectrum contains useful information for phone
discrimination. Results indicated that combining magnitude and phase spectrum infor-
mation yields improvements in phone classification tasks. A method applying PCA to
combine features derived from the magnitude spectrum with features derived from the
phase spectrum for increased phone classification accuracy, without large increases in fea-
ture dimensionality, was also described.
In addition to phone classification experiments, PCA and L-Isomap were evaluated
as feature transformation front-ends for speaker identification. L-Isomap was found to
offer the best performance in low dimensions but results showed that higher-dimensional
L-Isomap-transformed features did not perform as well as conventional MFCCs or PCA-
transformed features.
8.3 Future work
Much work remains to be done in studying how the manifold learning approaches might
improve existing speech processing applications or inspire new approaches to existing
problems. The contributions made by this dissertation are intended to motivate future
research in this area by demonstrating the underlying low-dimensional structure of speech
and showing that manifold learning methods, particularly Isomap, can yield improvements
in several speech problems. However, a number of practical difficulties exist in applying
these methods in a wide range of speech processing algorithms. Hence these difficulties
warrant further investigation.
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One such difficulty is the question of how to choose the number of nearest neighbours
k to be used in the manifold learning algorithms. The sensitivity of these methods to
k has been shown in previous studies (Balasubramanian et al., 2002) and is discussed in
Section 5.4.2. In this work an empirical approach was used in which a range of k values
were exhaustively tested to select a suitable value. Such an approach is appropriate for an
investigation of manifold learning algorithm performance, as conducted in this dissertation,
however it would cause difficulties in many practical applications where it is not possible
to perform this exhaustive testing; for example, due to time constraints. A number of
approaches to select the optimal k value have been proposed (Kouropteva et al., 2002;
Samko et al., 2006; Shao et al., 2007; Shao, 2008). It would be interesting to investigate
these approaches with respect to applying manifold learning methods to speech.
In the classification experiments performed in this dissertation both the training and
testing data were combined into a single data set, and the dimensionality of this data set
was reduced using each of the dimensionality reduction methods. This approach was re-
quired as the manifold learning algorithms used lack a means to map new high-dimensional
data to a previously created low-dimensional embedding space. Naturally, this approach is
not practical in real ASR applications where the training data and testing data are encoun-
tered separately. Hence, another issue worthy of investigation is the use of out-of-sample
extensions (Bengio et al., 2004; Law and Jain, 2006) to the manifold learning algorithms in
speech applications. These extensions enable the projection of new high-dimensional data
points into an existing low-dimensional space. Such investigations could facilitate the use
of manifold learning algorithms as feature transformation front-ends in large-scale speech
processing applications such as ASR and speaker recognition. Given the findings of this
work it would be particularly interesting to apply the Isomap algorithm in this way.
The investigations described in this work focus on two high-dimensional feature repre-
sentations: MFCCs and MODGDFs. The implications of choosing one high-dimensional
representation over another are worthy of further study. For example, how does the
low-dimensional structure of various features—for example: Fourier spectrum, LPC coef-
ficients, line spectral frequencies, etc.—differ?
Finally, one interesting possibility worthy of further research is the prospect of syn-
thesising speech from the data points on the low-dimensional speech manifold. This is
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motivated by the view, as supported by the findings of this work, that speech intrinsi-
cally lies on a low-dimensional manifold. If one mapped data from this low-dimensional
space into the original high-dimensional feature space, one could then produce a syn-
thetic speech signal from the high-dimensional feature vector—assuming an appropriate
feature representation, e.g. LPC, is used. For example, consider the three-dimensional
‘pitch-space’ shown in Figure 6.5. If one chose an arbitrary point in this three-dimensional
space, mapped it into high-dimensional feature space, and then synthesised the equivalent
speech signal it would theoretically have an f0 value determined by its position in the
low-dimensional ‘pitch space’. There are many possible applications of such a synthesis
system. However, this requires a means of mapping from embedding space to the original
high-dimensional feature space. Manifold learning methods generally do not facilitate such
a mapping. Possible approaches to overcome this problem have been described in previous
studies of multi-pose face synthesis (Wang et al., 2003; Zhang et al., 2004) which may also
be applicable to speech.
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Appendix A
Classifiers
This appendix provides an overview of the two types of classifiers principally used in this
dissertation: Support vector machines and Gaussian mixture models.
A.1 SVM
Support vector machines are a set of recently developed methods that can be used for both
classification and regression. This section presents a brief introduction to the basic theory
behind SVM classification to provide the reader with some insight into the classification
algorithm used for the majority of the classification experiments presented in this work.
A more complete description of SVMs is provided by Vapnik (1995), and Scho¨lkopf and
Smola (2002).
Consider the two-class classification problem, with a set of training vectors and corre-
sponding class labels,
X = {(x1, y1) , . . . , (xN , yN )} , x ∈ RD, y ∈ {−1, 1} , (A.1)
where yi indicates the class of the vector xi. The goal in classification is to separate the
two classes. SVMs aim to construct a hyperplane that optimally separates the classes.
Any hyperplane can be stated as,
(w · x) + b = 0, w ∈ RD, b ∈ R , (A.2)
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where w is a normal vector, orthogonal to the hyperplane, and b is the offset of the
hyperplane from the origin. Figure A.1 depicts a hyperplane (solid line) separating two
classes of data. Ideally, we would choose values of w and b such that the margin between
the separating hyperplane and each class of data is as large as possible. This is referred
to as a maximum margin hyperplane. The hyperplane shown in Figure A.1 is maximum
margin, and the corresponding margins (dashed lines) are also shown. These ‘margin’
hyperplanes are given by,
(w · x) + b = 1 , (A.3)
and
(w · x) + b = −1 . (A.4)
The distance between these two hyperplanes, the margin, is 2||w|| . Thus, to choose a
maximum margin ||w|| must be minimised. Further, a set of constraints are added to
prevent data points appearing within the margin,
(w · x) + b ≥ +1 for yi = +1 , (A.5)
and
(w · x) + b ≤ −1 for yi = −1 . (A.6)
This can be written as a single constraint,
yi(w · x+ b)− 1 ≥ 0 ∀ i . (A.7)
Thus, the problem of choosing w and b to maximise the margin can be written as a convex
optimization problem: minimise ||w|| subject to the constraint of Equation (A.7). This
problem can be solved using standard quadratic programming methods. The full details
of this solution are beyond the scope of this appendix. However, it is worth noting that
the solution of this problem has an expansion,
w =
∑
i
vixi , (A.8)
in terms of a limited number of training data points, xi, that lie on the margin, as shown
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Figure A.1: SVMs learn a maximum margin hyperplane that best separates two-classes.
Circles have a label yi = +1 while squares have a label yi = −1. Data points on the
margin (dashed lines) are support vectors.
in Figure A.1. These training data points are the ‘support vectors’ that give SVMs their
name. The support vectors contain all the information necessary to perform classification.
The maximum margin hyperplane discussed above is a linear classifier. This algorithm
has been extended to facilitate nonlinear classification. The basic idea is that classi-
fication may be easier in some higher-dimensional feature space. Thus it is desirable to
construct the maximum margin hyperplane in this high-dimensional space. However, com-
putation of the inner products in the above algorithm may be computationally expensive
in a high-dimensional space. This problem can be avoided by using the so-called kernel
trick (Aizerman et al., 1964). The kernel trick maps the input data points into a higher-
dimensional space in which a linear classifier can be used. This is equivalent to performing
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(a) Input space (b) Feature space
Figure A.2: SVMs nonlinearly map the training data into a higher-dimensional feature
space in which a maximum margin hyperplane can be constructed.
nonlinear classification in the input space, as illustrated in Figure A.2. This kernel trick is
accomplished by replacing the dot products in the linear maximum margin hyperplane al-
gorithm above with a kernel function. Many kernel functions have been proposed and used
successful with SVMs. The kernel functions used in this work are listed in Section 5.5.2.
A.2 GMM
In Gaussian mixture model (Reynolds, 1995b) classification the observed variables are
modelled using a combination of Gaussian probability density functions (pdf), known
as a Gaussian mixture model. Each class of data to be classified is represented by a
different, multidimensional, Gaussian mixture model. For example, in speaker recognition,
the observed variables are some parametrised version of a speakers speech—for example,
MFCC vectors—and each speaker is modelled by a different Gaussian mixture model.
A Gaussian mixture model is formed by a weighted linear combination of Gaussian
pdfs. The Gaussian pdf of a D-dimensional feature vector x for the mth mixture, also
called a state, is given by
bi(x) =
1
(2π)
D
2 |Ci|
1
2
e−
1
2
(x−ui)
′
C
−1
i (x−ui) . (A.9)
The probability of an observed variable belonging to a particular Gaussian mixture model
may then be defined as
p(x|λ) =
M∑
i=1
pibi(x) , (A.10)
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Figure A.3: Gaussian mixture model, dashed line, shown as a combination of Gaussian
pdfs.
where pi are the mixture weights, bi(x) are the component Gaussian pdfs of which there
are M in total. To normalise p(x) the weights must sum to 1
M∑
i=1
pi = 1 , (A.11)
this assures the Gaussian mixture density integrates to 1 and is thus a true pdf. The
parameter vector λ represents the GMM mean, covariance, and weight parameters, i.e.
λ = {pi,ui,Ci} . (A.12)
The GMM can form an approximation of any pdf, given an appropriate number of mixture
components. An example of a GMM is shown in Figure A.3.
The task of training a GMM classifier amounts to estimating the GMM model pa-
rameters λ. This is achieved by maximising p(X|λ) with respect to λ, where X is a
matrix containing all observations from a particular class of data—for example, speech
feature vectors from a particular speaker. This maximisation is performed using the EM
algorithm (Dempster et al., 1977).
The trained GMM classifier can then be used to assign new observed variables to a
particular class by computing the probability of each GMM given an observed variable
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and selecting the GMM with the highest probability. This is a form of maximum a
posteriori (MAP) classification. Using Bayes theorem, The probability of a GMM given
an observation is given as
P (λj |xi) = p(xi|λj)P (λj)
P (xi
. (A.13)
The denominator, p(xi), may be ignored as it is a constant. Also, the a priori probability
of an observation belonging to a particular class p(λj) is assumed to be the same for each
class so this can be ignored. Thus, the classification problem reduces to finding the GMM,
λ, that maximises p(xi|λj). This is achieved by computing the probability of the observed
variable given each of the trained GMMs, as given in Equation (A.10), and selecting the
GMM that yields the highest probability.
If there is more than one observed variable—for example, a set of speech feature
vectors—this computation must be performed for all observed variables. This is typically
achieved by simply assuming all observations are independent:
p({x0,x1, . . . ,xN−1} |λj) =
N−1∏
n
p(xn|λj) . (A.14)
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Appendix B
Further Classification Results
This appendix presents further classification results of the experiments described in Chap-
ter 7.
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Figure B.1: Ten vowel classification results for baseline MFCC, PCA, Isomap, LLE and
Laplacian eigenmaps features on data from the TIMIT speech corpus. Evaluation per-
formed on training data.
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Figure B.2: Phone class classification results for baseline MFCC, PCA, Isomap, LLE
and Laplacian eigenmaps features on data from the TIMIT speech corpus. Evaluation
performed on training data.
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Figure B.3: Ten vowel classification results for baseline MFCC+∆, PCA, Isomap, LLE
and Laplacian eigenmaps features on data from the TIMIT speech corpus. Evaluation
performed on training data.
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Figure B.4: Phone class classification results for baseline MFCC+∆, PCA, Isomap, LLE
and Laplacian eigenmaps features on data from the TIMIT speech corpus. Evaluation
performed on training data.
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(b) MODGDF
Figure B.5: Five vowel classification accuracy using (a) MFCC and (b) MODGDF features.
The performance of each feature after dimensionality reduction by PCA, Isomap, LLE,
and LEM is also shown.
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Figure B.6: Phone class classification accuracy using (a) MFCC and (b) MODGDF fea-
tures. The performance of each feature after dimensionality reduction by PCA, Isomap,
LLE, and LEM is also shown.
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(a) MFCC+∆
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Figure B.7: Five vowel classification accuracy using (a) MFCC+∆ and (b) MODGDF+∆
features. The performance of each feature after dimensionality reduction by PCA, Isomap,
LLE, and LEM is also shown.
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(a) MFCC+∆
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Figure B.8: Phone class classification accuracy using (a) MFCC+∆ and (b) MODGDF+∆
features. The performance of each feature after dimensionality reduction by PCA, Isomap,
LLE, and LEM is also shown.
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(a) [MODGDF+MFCC]
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Figure B.9: Five vowel classification accuracy using (a) [MODGDF+MFCC] and (b)
[MODGDF+∆]+[MFCC+∆] features. The performance of each feature after dimension-
ality reduction by PCA, Isomap, LLE, and LEM is also shown.
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(a) [MODGDF+MFCC]
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Figure B.10: Phone class classification accuracy using (a) [MODGDF+MFCC] and (b)
[MODGDF+∆]+[MFCC+∆] features. The performance of each feature after dimension-
ality reduction by PCA, Isomap, LLE, and LEM is also shown.
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